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ABSTRACT
Review of Forecasting Univariate Time-series Data with Application to Water-Energy Nexus
Studies & Proposal of Parallel Hybrid SARIMA-ANN Model
Cory Sumner Yarrington
The necessary materials for most human activities are water and energy. Integrated analysis to
accurately forecast water and energy consumption enables the implementation of efficient short
and long-term resource management planning as well as expanding policy and research
possibilities for the supportive infrastructure. However, the integral relationship between water
and energy (water-energy nexus) poses a difficult problem for modeling. The accessibility and
physical overlay of data sets related to water-energy nexus is another main issue for a reliable
water-energy consumption forecast. The framework of urban metabolism (UM) uses several types
of data to build a global view and highlight issues of inefficiency within the network. Failure to
view the whole system contributes to the inability to comprehend the complexity and
interconnectivity of the issues within the system. This complexity is found in most systems,
especially with systems that must be able to support and react to vacillating human interaction and
behavior.

One approach to address the limitations of data accessibility and model inflexibility is through the
application of univariate time-series with heterogeneous hybrid modeling addresses. Time-series
forecasting uses past observations of the same variable(s) to analyze and separate the pattern from
white noise to define underlying relationships to predict future behavior. There are various linear
and non-linear models utilized to forecast time-series data sets; however, ground truth data sets
with extreme seasonal variation are neither pure linear nor pure non-linear. This truth has propelled
model building into hybrid model frameworks to combine linear and non-linear methodologies to
reduce the fallacies of both model frameworks with the other's strengths. This problem report
works to illustrate the limitations of complex WEN studies, build a timeline of hybrid modeling
analysis using univariate time-series data, and develop a parallel hybrid SARIMA-ANN model
framework to increase univariate time-series analysis capabilities in order to address previously
discussed WEN study limitations. The parallel Hybrid SARIMA – ANN model performs better in
comparison to SARIMA, ANN, and Series hybrid SARIMA-ANN; and shows promise for
research expansion with structure flexibility to expand with additional variables.
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Chapter 1.

Introduction

This problem report works for viewing urban metabolism (UM) through the scope of water-energy
nexus (WEN), limiting variables to reduce the complexity of system modeling. The basic
underpinnings of UM struggle with the ability to efficiently tether human interactions with the
impacts on the surrounding environment in order to understand, govern, and implement resource
management strategy and long-term policy. A UM model integrates and evaluates many factors
from physical, technical, and social interfaces that contribute to the consumption and production
of various resources and energy as well as the relationship between the resource and energy [1].
The framework of UM uses several types of data to build a global view and highlight issues of
inefficiency within the network. As Kenway [1] illustrates, failing to view the system-wide issues
contributes to the lack of ability to “understand the emergence of complex and wicked problems;
problems which are ever-changing and are highly interconnected with action that could be taken.”
This complexity is found in most systems, especially with systems that must be able to support
and react to vacillating human interaction and behavior. City planners and managers, traffic and
civil engineers, and others must interpret complex data sets and determine solutions while taking
into account ripple effects from implementing those strategies. Without a proper validating model,
this process is near impossible to evaluate.
Supporting human activity in an urban environment has historically been dependent on
maintaining the network of water resources. Despite advancements in technology and the design
of modern infrastructure, a quarter of urban centers with a totaling $4.8 ± 0.7 trillion in economic
activity, remain water stressed due to environmental and economic limitations [2]. The waterrelated challenges impacting the sustainability of urban areas include the lack of access to safe
water and sanitation as well as acts of God such as floods and droughts [189]. Improper
management has enormous consequences on human health and well-being, economic growth and
development, and the environment. One of these management areas centers around the waterenergy infrastructure. The integral relationship between water and energy, WEN, poses a difficult
yet vital problem to model. The WEN is the relationship between the amount of water used to
generate and conduct energy and the amount of energy in the collection, distribution, and
processing of water [3, 4, 5]. In other words, the relationship is based on the resource productionconsumption tradeoff.
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1.1.

Problem Statement and Needs

Modeling the links between water and energy classifies significant research and development
directions, advancement possibilities for technological and management innovation, and
implications of institutional decisions and actions [6, 7, 8, 9, 10]. There are many studies
suggesting strategy and policy changes that would result in decreasing water-energy consumption
values. However, Mitchell [11] identifies a lack of ability to accurately monitor and analyze data
through case studies in Australia to measure the efficacy of those changes. Without the integration
of systems—organizational networks and physical infrastructure - there is no way to precisely
report system efficiency at its current capacity nor the impact of a future policy or implementation
of new technology.
This issue centers around the inability to share and integrate data from these sectors. This feeds
into an unsolvable loop, where change is necessary in order to effectively collect data that can be
used to steer change. There have been many problems identified with data sharing in general [12],
which include unstandardized data platforms and inconsistent formatting in time and spatial scales.
For WEN data sharing limitations, [1] identified issues with “data detailing directional flow and
linkages” for water and wastewater as well as daily population fluctuations within the boundary.
The lack of coherence in water and energy sector datasets, specifically platform standardizations
and physical infrastructure overlay, restrict the scope of all WEN studies.
The first step in understanding the relationship between water and energy consumption is to model
and forecast the patterns of a single variable over time. This requires separating the two resources
for analysis before conjoining their consumption patterns. Before the development of a
complicated multivariate model, univariate time-series forecasting through a middle-out approach
allows one to understand what will happen without explaining how it is happening. The resulting
predictive model serves as validation for alternative models produced through top-down or bottomup approaches. Time-series forecasting uses past observations of the same variable(s) to analyze
and separate patterns from random error to define underlying relationships in order to predict future
behavior [13]. Applications include: economic forecasting, material and operations planning, and
model and strategy evaluations. These applications vary by time-series forecast horizon and model
approach, both dependent on the data set(s) available.
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There are linear and non-linear model methods utilized to forecast time-series data: engineered
(simple and complex), statistical, supervised machine learning, and hybrid models. However, realworld data with extreme seasonal variation is neither purely linear nor pure non-linear. This reality
has propelled the main motivation of this study. The expansion of time-series analysis model
building into hybrid frameworks combines linear and non-linear methodologies in order to reduce
the fallacies of both frameworks with the strengths of the other. Systems engineering requires
gaining understanding through a correct approach to the data and the issues [14]. Most WEN
studies fall under either top-down or bottom-up analyses and are limited to the aspects of
understanding or governing decisions [1]. A middle-out model approach combats the afflictions of
WEN studies data limitations and availability by reducing variables necessary for analysis to water
or electricity consumption over time. The model proposed in this report addresses both of these
limitations with the ability to be applied across any field of study.

1.2.

Research Objective and Scope

The objective of this problem report is to explore the limitations of urban metabolism and suggest
a feasible solution through the scope of WEN. In order to address the data inaccessibility and
model inflexibility inherent in these studies, this document explores the possibilities of a univariate
time-series model with a middle-out approach to use limited data for global conclusions. With
limitations in data accessibility, a middle-out approach through univariate time-series forecasting
proves to be advantageous as a first step to establish a predictive model. The limitation of model
adaptability to allow for future expansion on the univariate validation model is reviewed through
the implementation of heterogeneous hybrid modeling. The specific aims for this report are:
•

Understand the methodologies and conclusions of past studies.

•

Explore the various model approaches: top-down, bottom-up, and middle-out.

•

Address the limitations of data inaccessibility and model inflexibility.

•

Discuss the advantage of univariate time-series forecasting models.

•

Research the development of univariate time-series forecasting models.

•

Assert heterogeneous hybrid modeling of univariate time-series forecasting as the answer
to limitations of past urban metabolism and WEN studies.

3|Page

1.3.

Report Organization

The first chapter of this report (2) will explore the study of urban metabolism and the framework
used to explore the WEN issues. This will be followed by the four themes that unify research
within urban metabolism: 2.1) sectoral analysis, 2.2) boundary conditions, 2.3) methodologies to
quantify water-energy link, and 2.4) adaptive approaches to solutions. These themes highlight the
conclusions and limitations of past studies. Chapter 3 discusses the existing models to forecast
water and energy consumption broken down further into types of data and approaches available.
The combined discussion of past study limitations and current existing models leads to Chapter 4
univariate time-series forecasting. The limitations discussed in previous chapters filter the model
choices to heterogeneous hybrid univariate forecasting models. In Chapter 5, the parallel hybrid
SARIMA-ANN model developed through this research is presented with the case study data used
to illustrate the model build and performance. Future work is discussed with the possible expansion
of this study with the proposed model in mind. Chapter 6 is the conclusion of this research.
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Chapter 2.

Urban Metabolism and Frameworks for Water-Energy Nexus Issues

Urban metabolism (UM) is “the total of the technical and socio-economic processes that occur in
cities, resulting in growth, production of energy, and elimination of waste” [15]. Marx [16] first
deliberated UM with his assessment of industrialization in 1883 and described metabolism as the
material and energy exchanges within the environment or system. The simplest definitions
consider the mass balances of all materials of the urban system [17]. The complex definition
considers the city as an organism [18, 19]. Urban metabolism analysis requires quantifying the
overall mass fluctuations and linkages of selected resources within a designated city boundary [17,
18, 19]. Witnessing the degradation of human wellbeing and the environment within the urban
center, Wolman [18] developed the UM accounting exercise with a top-down relationship between
resource consumption and the production of goods and wastes. He concludes that the expansion
of a city causes a conflict of interest with the natural environment and socio-economic system.
This conflict extends into the concept of urban sprawl, where Wolman’s conclusion is reinforced
with further studies on the impact of unrestricted, unplanned urban growth [20, 21, 22]. System
friction due to increasing physical distance decreases the efficiency and stability of the system. As
resource demand from the urban area periphery grows, the entire area is subjected to become a
resource desert with detrimental impacts on the environment as well as the citizens within the
system.
The intricate balance of resource supply-demand illustrates the magnitude of UM study, where the
stability of the social fabric and political decisions are affected by the connection and management
of resources—such as water and energy—within and around the city [23]. The concept of UM
defines a methodical framework to help model this balance. The UM framework unifies research
themes as follows: 1) categories of study to allow sectoral analysis for a hierarchical approach to
research; 2) explicitly identifies the system’s boundary conditions; 3) analyzes mathematical
modeling approaches to integrate data for water-energy links; and 4) allows for an adaptive
approach to sustainable solutions for policy and technology with respect to the consequences of
implementation [24]. The following sub-chapters will break down each of these themes.
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2.1.

Sectoral Analysis

The complexity of UM studies propels scholars to focus on a simpler, singular flow of essential
materials such as water [25, 26, 27] or energy [28, 29, 30, 31]. Although focused on a singular
flow, these studies remain complex and require extensive investigation with large quantities of
data. Access to water and energy is necessary for most modern human activities and general
society's well-being [32]. City centers are heavily reliant on water resources and tend to pull
resources from the surrounding region or periphery [33]. Resource pools of water and energy are
becoming strained increasingly due to a growing population, effects of the phenomenon known as
climate change and aging infrastructure. The expansion of the system to reach further into the
periphery is not sustainable or resilient [21, 22]. Increases in resource distance to end-use will lead
to increases of friction in the distribution of the resource and associated wastes. When accessibility
to a vital resource, such as water, is constrained or damaged, ripple effects can be seen economics,
environment, and social fabric of the city [34]. In order to understand the connections between
societal conflict and water resources, the Pacific Institute [35] categorizes events related to water
conflict through an interactive map and chronology. The integral relationship between water and
energy, water-energy nexus (WEN), poses a difficult problem to understand and model; and,
therefore, issues for resource governing and planning. In order to create an efficient system for
tethering humanity and their interactions with the environment, a framework should integrate and
evaluate numerous factors from technical and social interfaces that contribute to the consumption
of water and energy.
A broad literature review of WEN study objectives illustrates the absence of detailed research and
policy priorities. This spurred the development of numerous WEN studies on various scopes and
scales in the early 2000s. Research in WEN has been done in the United States and Australia [1,
36, 37, 38]. Based on this research, the policy has already been implemented in at least nine states
that include Arizona, California, Colorado, Connecticut, Nevada, South Dakota, Washington,
West Virginia, and Wisconsin. These states have statutes that mention the annexation of water for
energy production [39]. These laws mention the importance of recognizing the relationship and
the need for appropriating resources accordingly.
The National Energy-Water Science and Technology Roadmap developed by the Department of
Energy (DOE) outlines the efforts to remove barriers toward sustainable, efficient water and
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energy use, overcome current technological obstacles, and improve familiarity with the conceptual
relationship between energy and water resources [40, 41]. Consequently, the Roadmap aims to
establish short- and long-term water-energy security through a coordinated and integrated DOE
approach. The short-term security calls for accurate mapping of resource supply-demand patterns.
Long-term security requires effective implementation of policy, research, and technology for
water-energy resource utilization. An Energy-Water Nexus Crosscut Team was formed in 2012 to
advance this DOE approach through working on the following four areas of focus: integrated data,
modeling, and analysis of the WEN; technology research development, demonstration, and
deployment to support energy-efficient water systems or water-efficient energy systems; policy
analysis for energy and water sustainability at the regional or national scale; and outreach and
stakeholder engagement to strengthen the proposed activities.
These studies illustrate the dire need for understanding and identifying WEN but do not explain
the complications. Water and energy are essential material products that have complex
characteristics: storage, production, and transportation are difficult and costly. Both energy and
potable water must be produced and consumed as demanded. Emergy is the available energy used
directly or indirectly to produce and distribute material or service. The development of emergy
metabolism allows a combination of numerous material flows into one value [42, 43, 44]. It follows
that emergy values on products increase as the distance between production and consumption
increases. This value quantifies why urban sprawl (unregulated expansion of the city’s boundary)
is unsustainable. The process of transforming various products into an emergy value is difficult
and varies from study to study. The infrastructure of production, distribution, and consumption of
water and energy sets the boundary of study and enables the study of how people are connected to
the area.
From this end-user perspective, water efficiency measures conserve water and energy resources
simultaneously [45, 46, 47, 48, 49]. From a producer perspective, the cooperation of demand
management programs for water and energy utilities is much more difficult to achieve as both can
be owned by several entities across varying spatial scales. The water-energy infrastructure
seldomly overlaps, and management strategies have conflicting goals. According to the Energy
Information Administration (EIA), utility systems are owned by private investors, federal and other
public entities, or cooperatively owned [50]. This explains the difficulty in the integrated
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planning, development, and organization of water and energy systems, which have been
historically under the control of different agencies [4, 51], as seen in Figure 1. Private and public
stakeholders on multiple scales with different goals, ranging from economic and political gains to
environmental and social wellbeing, must be presented with a variety of plans that accurately
depict trade-offs for all parties [12, 52]. A politically charged process such as this would require
accurate models to make justified and educated decisions.

Figure 1. Arrangement of utility management. Adapted from [12].

The next scope of WEN studies is based upon circumstantial dependency. There are three
established perspectives of WEN [53]:
1) Energy use of water infrastructure for water service.
2) Water use of energy infrastructure for power generation.
3) Nexus of the urban system, where system changes impact energy or water consumption.
This circumstantial dependence is the pivotal issue, creating a conflict of interest and difficult sets
of trade-offs in strategy selections such as: private versus public services to supply energy and
water, centralized versus decentralized infrastructure, pricing mechanisms, and facility placement.
Organizational arrangements of utilities are one of the complications for data collection as well as
integrated management and planning. These are issues with the first and second established
perspectives. The third perspective is intricate, with multiple variables to consider. These
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contradictions and limitations require a simplified method of analyzing and correlating water and
energy consumption data in order to step forward. The cooperation of government, industry,
research, and community is necessary to address the challenges of efficient planning and
implementation of the policy. This challenge of planning, funding, regulation, data management
and sharing, target setting, and study requirements are summarized in Table 1, adapted from [1].

Table 1. Current water-energy nexus challenges and address of these challenges.
Current WEN Challenges

Addressing WEN Challenges

Management of water and energy
performance is done separately. Planning,
funding, regulation, and standards for
water and energy are made separately;
therefore, trading challenges between
sectors.
Methodologies for WEN studies are either
inconsistent system boundary definitions
or do not consider defining the system
boundary.
Data sets and monitoring are inconsistent.

Comprehensive
and
cooperative
management of water and energy sectors
through a governance framework to ensure
systematic efficiency.

Standardized methodologies will lead to
venerated practices and policies.

Coordinated data sets and monitoring
systems enable a variety of analysis and
management strategies. Management
responses are cooperative, understanding
how each decision impacts the other sector.
Identification of quantified indicators that
simultaneously consider water, energy, and
related flows to model and implement
policy.

Unquantified
indicators
of
urban
performance or limited performance
indicators that provide poor guidance for
policy; analysis frameworks inconsistently
applied.
Optimization analysis for the urban area for Optimization studies will contribute to the
overall water and energy efficiency is community planning and assess the
efficiency of implemented strategy and
absent.
policy to allow for effective step-by-step
adjustments.
Targets for urban systems are missing or
Quantified targets for resource efficiency
unquantified.
of cities through the joint effort of
government, industry, resident, and
commercial sectors.
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The challenges in Table 1 can be summarized in the inability to efficiently collect and analyze
water-energy data. These originate from two main issues: 1) unstandardized data platforms
between water and energy sectors and 2) inflexible model frameworks for management and
efficiency evaluations [1, 11]. Further illustrated in Figure 2, the challenges of WEN studies
provided in Table 1 disseminates from the raw data from both sectors with inaccessible and
unstandardized data platforms. These issues feed into WEN studies with inconsistent boundary
definitions and lack performance indicators to determine the efficiency of implemented plans. The
challenge presented by raw data feed into the WEN study and management response, wherein the
data complication feed-back into the insoluble cycle.

Figure 2. Dissemination of WEN study challenges

2.2.

Boundary Conditions

The scope of a study relies on defining the boundary of a system. With the system boundary
condition as “a critical first step to modeling analysis,” there is an understanding that the scale of
study defines the function and purpose of the analysis [54]. Numerous authors note the significance
of system boundary to research conclusions [19, 48, 55, 56]. This helps to highlight the strength
of the urban metabolism framework in a distinct system boundary leading to strong diagnostic
options. The scale of the study will also reveal the data accessible and the type of framework that
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is applicable for such analysis. Figure 3 illustrates how WEN studies vary from global to local
scales with different functions, purposes, and types of framework. An overall review of various
studies organized by dimension and scale is further discussed in the following subchapters. The
following subchapters review past studies at each scale. Kenway [7] reviews each of these much
more thoroughly with the methodologies utilized by each study.

Figure 3. The scale of the study focusing on WEN. Adapted from [57].

2.2.1.

Global

Resource management is complicated as resources impact multiple stakeholders or interested
parties. The crux of coordinating across one or more international boundaries lies in balancing
socio-economic needs and environmental sustainability for more than one ruling party [57, 58].
This is commonly done through a benefits shared framework. International WEN conflict is often
found in transboundary river basins and watersheds. Examples of nexus model frameworks
centered around the Mekong River Basin [58, 59, 60], Euphrates-Tigris river basin [61], and the
Amu Darya Basin of Central Asia [62] were all proposed to demonstrate cost-benefit values
amongst countries. These studies provide a basis for international cooperation and mediation with
proposals to enacting international laws under the guise of similar interest in resources [63]. The
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Trans-Pacific Partnership (TPP) is a recent attempt at incorporating economic interests with
environmental regulations on water and energy sectors, among many other sectors [64].

2.2.2.

National

The main goal of WEN studies at a national scale is to connect decision-making to efficiencies of
water and energy resources. Policy and institutional arrangement reviews are performed to
improve the management of the resources. Key challenges to be addressed in these studies at the
national level include: water scarcity, irrigation pressure, climate shift, and resource stock capacity
[1, 65, 66, 67, 68, 69, 70, 71, 72, 73]. The end goal for WEN studies at the national scale is for
governing and management assessments for resource management. As discussed in Chapter 2.1,
the National Energy-Water Science and Technology Roadmap developed by the Department of
Energy (DOE) frameworks the steps to define and comprehend WEN, but there is difficulty in
uniting policy through various state governments [40, 41]. Countries such as Italy, Zambia, Saudi
Arabia, Australia have all made similar strides to establish national programs. The majority of
programs remain in the initial stages of human and climate impact analysis with attempts toward
implementing national policy and institutional changes [74, 75, 76, 77].

2.2.3.

Regional

Regional-scale WEN studies investigate the connections of water and energy consumption used
for urban areas and the impacts on the peripheral area. Long-term regional water and energy
resources management strategies are assessed with the inclusion of the raw water source and the
main areas of consumption and wastewater production. This scale allows for the connection and
integration of water and energy with the surrounding environment. Stepping further than national
studies, the regional scale enables policy and management strategies to be tested for efficiency.
The methodological frameworks established within some of these regional studies, specifically in
California and Australia, include: Water Evaluation and Planning (WEAP), Long-range Energy
Alternatives Planning (LEAP), regional scale-integrated WEAP and LEAP, and the integrated
model framework of New South Wales [78, 79, 82, 81]. These frameworks employ a methodical
approach with the aim to support efficient policy implementation and strategy development by
illustrating trade-offs [57].
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2.2.4.

City

The connection between the studies of UM and WEN collides at the scale of the city. The city is
illustrated as a focal point of resource flows [1, 57]. Urban centers permit a representable scope
for solving several problems of resource efficiency with extensive, interchanging flows of water,
energy, and materials within urban areas. Cities are the center of financial and research ventures
with continued redesign and development of infrastructure [1]. The loose definition of the city
leads to the difficulty of using it as a proper boundary. Within the largest cities, Satterthwaite [55]
identifies four different boundaries: city core, contiguous built-up area, metropolitan area, and
extended planning region. The increase in population and resource demand within cities is
becoming an issue for current infrastructure design. Giradet [82] states cities are only expected to
grow;
“By 2030, 60% of the world population, or 4.9 billion people, are expected to live
in urban areas. In developing countries, as villagers move to the city, per capita,
resource consumption typically increases fourfold. Cities located on 3-4% of the
land surface use 80% of its resources, and discharge the bulk of the solid, liquid,
and gaseous waste.”
At the city scale, research has lacked to link resource “flows to policy frameworks at multiple
scales, from local to international” [83]. Understanding the flow of material through various factors
that influence innovation and development of effective sustainability policies include: “political,
demographic, economic, and geographical” [83]. The city boundary provides an intermediary
connection between global and local consumption. This allows an overview that includes detailed
information, a method that connects policy to local implementation. Numerous studies illustrate
that water is the limiting factor for the sustainability of a city [18, 19]. It is a central feature of
infrastructure design that has a singular focus despite having multivariate implications. Water and
energy use are inextricably linked. Water infrastructure investment in order to accommodate
growing urban demand encompasses a large portion of city spending [187]. These are often
massive overhauls and redesigns in the facility as well as management structure [1, 19, 81].
Restrepo [84] identifies a lack of consistency among studies for comparison in addition to a lack
of knowledge in the influence of political, legal, and institutional policy on WEN efficiency.
Counter to the significant WEN connection, various current energy policy positions and energy
strategies disregard water matters, as water strategies likewise disregard energy matters [81].
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These studies focus on climate and pollution impacts within water and energy sectors dealt with
separately. This disconnect is true at a city scale, as noted by Kenway [1]:
“In cities, management of water and energy is frequently shared across levels of
government and private enterprise with little ability to communicate and analyze
data. Management…is undertaken in isolation and too inconsistent boundaries.”
At this scale, one can look into circumstantial dependence. A revision of the previously established
perspectives of WEN through the retail water cycle provides more detail at the production scale
[53]. Emerging links are confined to three categories: 1) production, 2) transportation, and 3)
consumption, as seen in Figure 4. Production is defined by the treatment of raw water and
wastewater. Transportation is defined by distribution from water resources to production and
consumption nodes or connection points. Consumption is defined by end-user activities. These
end-user activities can be defined by the node of consumption, buildings. Buildings are built with
purpose, typically constrained by zoning code: residential, commercial, industrial, agriculture, and
government/public use. Thorough studies have been completed to understand energy consumption
in water production and distribution, but the consumption category remains a dynamic problem
with many research sectors depending on the end-user activity. The reduction in the scale of study
from a city to a local view to find these links, where measurements of water and electricity
consumption over time are confined to the same boundaries, will avoid the data limitations listed
above.

Figure 4. The retail water cycle categorized into three WEN links. Adapted from [53].
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2.2.5.

Local

The local scale focuses on the direct analysis of the consumption category within the retail water
cycle or end-user activities. The broad range of UM studies has developed the consumption
category over time through varying perspectives: end-user metabolism [15, 77], industrial
metabolism [30, 85, 86, 87], and household metabolism [17, 83, 88, 89]. Studies performed at the
local scale provide an opportunity to study and influence the social behaviors and interactions
within the boundary. For example, institutions, such as universities, provide reasonable testing
grounds [90]. Bottom-up studies are composed of data sets including: building classification,
HVAC systems, solar radiation exposure, energy consumption, and energy-efficiency approaches
[91]. However, there has been an interest in a top-down approach to model the social and
educational impacts of resource consumption on campus. Payam [92] found that the schedules of
inhabitants influence the use of water and energy in a building more than any other factor,
including outdoor temperature. Accurate forecasting requires a baseline maintenance consumption
rate with dynamic functions representing human interaction within the building [93]. While these
forecasts can provide a slew of results to guide decision-making, they require the accumulation of
enormous data sets that are largely unavailable for analysis.

2.3.

Mathematical Modeling Approaches for WEN

The discussion of the model approach is necessary to address the limitations in data set
accessibility and model flexibility. This initiates the three-step process of building a model:
specification/identification, fitting, and diagnostics [94]. The largest development in UM is the
methodical framework. There are five main mathematical modeling approaches relevant to WEN:
life cycle analysis, input-output modeling, mechanistic modeling, machine learning, and hybrid
modeling discussed in the following chapters.

2.3.1.

Life Cycle Analysis (LCA)

Life Cycle Analysis (LCA) studies the “entire life cycle of a product, from raw material extraction
and acquisition, through energy and material production and manufacturing, to use and end of life
treatment and final disposal” [95]. In the previous context, this would be the application of emergy
in the retail water cycle. There are four phases in LCA: objective and specific aim definition,
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inventory examination, impact assessment, and result interpretation [95]. LCA is a methodical
overview, providing a tool to examine trade-offs and complexities. Following this type of analysis,
subjective discussions in the “interpretation stage” are made, shifting potential environmental and
political burdens between life cycle phases or specific system processes. This analysis helps to
define the WEN relationship on a large scale – global to city scales – but does not aid management
optimization. This focus of WEN has been saturated with research and has expanded into other
areas such as the water-energy-food nexus [96, 97]. This mathematical model requires extensive
data sets to function, conflicting with the data accessibility limitation.

2.3.2.

Input-Output Modeling

Developed by Wassily Leontief [98], input-output analysis (I-O) is a quantitative economic
procedure based on the mutuality amongst the economic sectors. Input-output analysis is
fundamentally a theory of production based on a specific type of activity. This method is frequently
used to evaluate the impacts of economic shocks, whether negative or positive, and analyze the
aftershocks throughout an economy. Its key relationships center around the production processes
within the involved technology that produces the quantities of inputs and outputs. I-O modeling
does not present a theoretical overview of either the supply or the demand side of the system of
study. It does not map alternative behaviors to optimize the system. Improvement on the supply
side is precluded by the assumption that the input values used are directly proportional to the output
values; therein, one correct solution is attainable. Optimization of the demand side is dependent
on whether the I-O model is open or closed. In the closed models, the inner workings of the system
are technologically determined. In other words, the system of people is given a designated value,
and therefore, does not have optimizing choices. In the open models, part of the system is
designated not as products but as consumption or demand. This open system falls in line with the
retail water cycle discussed in Chapter 2.2.4.
Wolman [18] developed a simple input-output linear model for urban metabolism study. Wolman
relied on the system inputs going into a ‘black box,’ which represented all activities and
transformations before becoming an output. This would be an example of a closed system. The
black box requires a boundary condition around the city and does not take into account the inner
workings or activities of the urban system. In more recent studies, the input-output model has been
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established as a strong tool investigating economic pressures on resource pools and the
environment of the urban center, revealing both direct and indirect links of resource consumption
[ 99, 100], exploring the resources pressure transfer through economic trade networks [101, 102],
and distinguishing the driving force of resource consumption from an economics perspective [103,
104]. Additionally, the model can be used to examine the supply chain effects on resource
consumption in an economic system by examining the linkages amid sectors [105, 106]. The
linkage analysis resulting from input-output analysis is an effective approach to categorize each
supplier and consumer within a sector. Duarte [105] supplemented the terms of linkage analysis
with component descriptions: internal impacts, mixed supply-consumption linkages, backward
linkage processes, and forward linkage processes. These descriptors help to distinguish crucial
sectors from a consumption perspective.
An economic network perspective can “apply linkage analysis to a particular case of the waterenergy nexus in an urban system, in order to explore the production and consumption structure of
both water and energy resources, as well as the interconnected relationship between two essential
resources” [107]. Many researchers, like Kenway [1] among others, have determined that “IO
analysis captures big picture and more remote linkages for the entire economy; however, it is
difficult to apply at city-scale” and is suited for regional or national levels. Girardet [108] proposed
a cyclical urban metabolic model because “linear sequence did not accurately emulate real
organisms.” Duan [109] agrees with this statement in contrasting natural metabolism to urban
metabolic pathways, where the urban pathways were too long, and the circulation of materials and
energy was too inefficient and incomplete. Recent studies and models attempt “to move the water–
nexus construct beyond an input-output relationship into the realm of resource governance” [68].
Model flexibility is necessary to shift from forecasting to optimization applications.

2.3.3.

Mechanistic Modeling

Mechanistic modeling is based on the fundamental laws of natural sciences with the purpose of
representing real-life events through assumptions on mechanisms or processes. This involves using
experimental data sets to construct and calibrate a model then validates through data. The
mechanisms are composed of simplified mathematical formulations to determine possible input-
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output behaviors. Analytical tools determine whether the range of possible input-output behaviors
predicted by the model are consistent with experimental observations [110].
Zhang [111] redevelops the black box theory from Wolman [18], defined as inner details, or
efficiencies, of system/s unknown. Zhang replaces the black box with an inner network process
for urban metabolism. The metabolic process is defined with input, conversion, cycling, and output
of materials and waste from a top-down perspective. This concept merges the frameworks of LCA
and I-O. The object’s environment and life cycle end at the boundary of the system. Exchanges
across the boundary are designated as inputs and outputs, depending on the flow direction [111].
Connections between urban metabolism and spatial distribution of land-use types were extensively
[112-118] analyzed in both directions- the top-down approach and the bottom-up approach. This
helps to establish the need to incorporate local geographical data and geographic information
system (GIS) mapping with the model. Zhang provides a thorough review that lists all the cities
which have performed accounting exercises to develop an urban design [111]. All perspectives of
end-user metabolisms, single metabolic flows, emergy, and spatial location-specific models have
advanced early research. With this early research and accounting exercise, studies have begun to
turn into tools for development.
The quantity of energy used for water services in densely settled areas depends on factors such as
local topography, quality of raw water, advancement of treatment technology, and quality
measurements of environmental and citizen wellbeing [37]. However, there is more to WEN than
the footprint values that have been established through metrics of carbon, energy, or water
consumption. The value of WEN requires socio-economic and environmental ‘externalities’ in
order to identify opportunities for technological and management innovation as well as the
implications of these investments within the city. Scholars began to develop an idea of UM and its
relation to social factors.
Boyden [118] reviewed factors such as housing, air pollution, mortality, health, wellbeing, crime,
and future urban development to evaluate the metabolic status of the City of Hong Kong, China.
Newman used social factors such as the wellbeing of residents, employment rates, and education
in order to include human opportunity and livability as measures for urban metabolism [119].
Schiller [120] established a flow linkage between energy and material with social theory by
exploring potential “communicative action” to adjust “social relativity,” where the idea of a bi18 | P a g e

directional cause and effect relationship” is apparent. This shows that an accurate model requires
accounting for system sensitivities and multiple effects/counter-affects. Due to the lack of
connection within the city scale, the efficiency of implementing new strategies and technologies
cannot be properly measured between macro and micro scales.
Mechanistic modeling conceptualizes original hypotheses for fundamental mechanisms that are
generated through relatively few observations of the study focus. There is flexibility in the model's
ability to be developed with small amounts of data; and, once validated, can be used as a
forecasting tool where experimental data is hard to access [110]. The complexity of these models
requires time for fine-tuning. For this reason, adaptability for scale and cross-study examination
becomes difficult. Other disadvantages of mechanistic models are composed of oversimplified
assumptions built on hypothesis; and poor prediction power. Modeling human interaction with the
environment is one of the main drivers of WEN and requires a flexible, stochastic approach. This
will be discussed further in Chapter 4.

2.3.4.

Machine Learning

Machine learning models are applied to parse relevant inputs from large datasets for a provided
output. Artificial Intelligence (AI) is the application of machine learning to solve actual problems.
AI is a complex combination of computer science, physiology, and philosophy that attempts to
mimic human brain learning capabilities. According to Bellman [121], “AI is the automation of
activities that we associate with human thinking, activities such as decision-making, problemsolving, learning.” The AI improves forecasting performance over time, learning by trial and error.
This is counter to traditional model methods that rely on procedural coding based on logic, if-then
rules, and decision trees [122].
There are currently two major types of AI: symbolic and computational intelligence [123].
Symbolic AI focuses on attempts to structure knowledge bases by simulating human intelligence
and expertise of certain fields. The most well-known symbolic AI method is the expert system
(ES). The purpose of ES is to understand the inside mechanisms of a real-life system and to predict
its behavior. Expert systems provide advice and solutions to humans and appropriately use that
advice and solutions to get better predictions. The advantages of ES are the ability to: 1) intake
large amounts of information, 2) impute missing data, and 3) reduce the time required to solve
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problems. The over-reliance on large, clean datasets is a disadvantage of ES, falling into the
limitation of data accessibility [123]. Computational intelligence focuses on using a computational
algorithm to deal with complex, real-world. The two most common types of the computationintelligence method are genetic algorithms (GAs) and artificial neural networks (ANN). These
models are discussed in Chapters 4.4 and 4.5.
The application of AI in time-series analysis has gathered the attention of many studies proposing
new ML frameworks, methodological advances, and accuracy improvements [124-130]. Many of
these studies fail to provide evidence of performance versus other models. Conclusions are often
condemned to three limitations [122]:
1) Report conclusions are not statistically significant, typically based on a few or even a single
time-series.
2) Method forecasting time frames, or horizon, are limited to short-term or one step ahead.
These forecasts do not consider alternative time frames such as medium and long-term or
multiple steps.
3) Lack of benchmarks to compare the accuracy of tested ML methods with alternatives.
With these limitations, it is clear that all data sets and model goals are different. The flexibility of
machine learning models makes it hard for cross-study examination. However, there is a demand
for consistent results and repeatability.

2.3.5.

Hybrid Modeling

Hybrid modeling is a concept of highlighting the strengths and reducing the disadvantages of two
or more models. The advantage of statistical linear modeling is the ease of use and the ability to
capture patterns. The major limitation is the rigid pre-assumed linear relationship with past events.
A linear approach may not be adequate for real-world data. The advantage of machine learning is
the flexible, non-linear modeling capability. The limitation of scalability in mechanistic techniques
can be overcome with the use of machine learning. In addition, the advantages of mechanistic
models can be exploited by machine learning algorithms both as temporary inputs and later as a
validation model [110]. The literature on hybrid modeling was advanced by Reid [131] and Bates
and Granger [132]. Clemen [133] provides a thorough review of heterogeneous hybrid models.
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Supported by theoretical and empirical findings in neural network forecasting research, the
combination of diverse methods can significantly and efficiently improve forecasting performance.
Pelikan [135] and Ginzburg and Horn [136] proposed combining several feedforward neural
networks to improve time-series forecasting accuracy. Several hybrid models composed of the
autoregressive moving average (ARIMA) and artificial neural networks (ANNs)applied to timeseries forecasting with improved model performance. These models will be discussed in chapter
4. The hybrid modeling technique is an attempt to address both limitations of WEN, data set
accessibility, and model flexibility.

2.4.

Adaptive Approaches to Solutions

The WEN studies, within the UM framework, have developed over time from an accounting
exercise into a design tool. Kennedy [77] provides a further detailed chronological assessment that
shows this development. The application of these design tools has branched out in various studies.
Kenway [1] breaks down possible applications for UM developed into four categories:
sustainability indicators, greenhouse gas accounting, policy analysis via dynamic mathematical
models, and a tool for strategy and design.
The use of UM as a means of sustainability indicators is done with an analysis of the efficiency of
energy and material cycles, waste management, and infrastructure of an urban system. This use is
outlined by Maclaren [137] and allows for a deeper understanding of the resilience of a city. UM
studies have applied greenhouse gas as a primary variable, similar to the concept of energy as the
primary variable in ‘emergy’ discussed in chapter 2.1, where all material flows translate into a
single value of greenhouse gas emissions for each activity; examples can be found in [1, 15, 138].
Policy analysis through the use of Dynamic mathematical models have been explored more
extensively; for example, SIMBOX [139] and STAN [140, 141]. These dynamic mathematical
models include the representation of sub- system processes, resource pools, and links within the
boundary-defined system to economic modeling.
While some models are useful for accessing current resource pools and linkage flows, they can be
used to simulate future changes to UM as a result of technological interventions or policies. UM
models are particularly advantageous for classifying resolutions to environmental issues beyond
‘end of pipe’ approaches. In this respect, studies allow for analysis of technology or policy
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implementation. This is first shown in work by Oswald and Baccini [142] in ‘Netzstadt.’ It
establishes structural and physiological tools, which can be used in the “long process of
reconstructing the city,” with the recognition that the center-periphery model of cities is outdated
while also recognizing current trends of expanding urbanization as unsustainable. It integrates UM
by establishing four principles of redesigning cities: adaptability, sustainability, redevelopment,
and accountability, as well as five criteria of urban quality: identification, diversity, flexibility,
degree of self-sufficiency, and resource efficiency. Examples and uses for this are found in New
Orleans after the effects of Hurricane Katrina as well as environmentally conscious designs for the
city [190]. This adaptive analysis allows for the production of numerous solutions to a single issue.
Identifying both physical and organizational reconstruction possibilities advance system efficiency
in allocating resources. The limitation of data accessibility and model flexibility become evident
with the discussion of complex design tools.
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Chapter 3. Existing Models to Forecast WEN
The previous chapters have established WEN study limitations in data set accessibility and model
flexibility. Therefore, exploring the model approaches and data set types determines which models
are viable. The model approach is dependent on the study, whether the hypothesis is developed
initially. It may also be dependent on data. The choice of modeling approach (top-down, bottomup, or middle-up) and the specific model choice is determined by the data set type and data set
availability. Type of data is discussed through load forecasting terms in order to discuss timeseries analysis. Load forecasting is the foundation for establishing robust and efficient
management operation schedules as well as future facility expansion [143]. The scale (or
boundary) of a data set determines the proper model required for forecasting. After the appropriate
model approach and data types are determined, data preprocessing is conducted to clean and
standardize data sets.

3.1.

Approaches: Top-down, Bottom-up, and Middle-out

The approach of model structuring is the process to define and analyze data requirements to
identify a model and includes three main approaches: top-down, bottom-up, and middle-out; see
Figure 5. The top-down approach starts with a hypothesis and builds a model with data to solve
the stated issue(s) and aids in governing and policy decisions. This approach has the ability to
establish system behavior constraints and performance goals within the model limits. The topdown approach generally employs stringent mathematical tools such as classical and stochastic
control theory, constraint estimation, and optimization theory. The bottom-up approach is typically
a mechanistic model, utilizing available data to make exploratory insights or reverse engineer a
system with the parts making up the system to illustrate the system processes as a whole. The
analysis tools available in the bottom-up approach are extremely efficient in describing the average
system behavior. The bottom-up approach is dependent upon probability methods such as meanfield statistics and dynamical system theory. The middle-out approach focuses on a validation
variable through time-series analysis. The middle-out approach is generally implemented on
projects that require system improvement or optimization [144, 145].
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Figure 5. General analysis approaches: Top-down, Bottom-up, and Middle-Out.

3.1.1.

Top-down Approach

The top-down approach treats the boundary of study as a black box or material sink and applies
available datasets to describe the system. The top-down approach maintains an initial focus on
information of higher-level concepts, such as identification and classification of data populations,
membership rules, and relationships between such data populations. This approach allows
engineers to create a system from scratch to explain an issue but requires time and resources. In
the view of the WEN, the top-down approach helps to determine the impacts on water or electricity
consumption due to long-term fluctuations. Variables frequently used by top-down models tend to
be explanatory, including macroeconomic (i.e., GDP) and environment wellness indicators,
housing construction rates, and estimates of appliance inventory within a boundary of study. The
primary purpose of the top-down approach in relation to water and electricity consumption is to
determine supply requirements. The strength of the top-down approach lies in the ability to rely
on aggregate data—wide availability, simplicity, and reliability on historical values. In reference
to the scale of the city, the census provides an abundance of available datasets. The drawback is a
reliance on historical data. This does not provide a capability to model the development and
implementation of new technology and policy. There is a lack of model flexibility. The simplicity
of top-down modeling highlights the lack of detail regarding the activities involved in the
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consumption of water and energy; therefore, it eliminates the ability to designating improvements
necessary to implement and critique policy and technology innovation.

3.1.2.

Bottom-up Approach

In contrast to the top-down approach, the bottom-up approach calculates values through a detailed
step-by-step process and aggregates the values to represent a whole system. A bottom-up approach
requires an engineered modeling method with two categories: comprehensive and simple. WEN
models with bottom-up approaches use physical principles and consumption behavior within the
designated boundary (i.e., building, city, state, or nation). For a detailed, comprehensive model of
a building's consumption, intricate formulas are utilized to determine the building baseline
maintenance consumption along with variations to the baseline due to human interaction. These
formulas are impacted by four factors: energy balances of indoor and outdoor climate (to be
referred to as “localized artificial climatic forcing”), the physical construction of the building,
utility rates linked with social interaction, and the technology that is interacted with to consume
the material—water or energy. As this approach begins to reach out of the focus of this report,
readers may refer to [92, 93, 146, 147, 148] for detailed energy consumption calculations and [149,
150] for detailed commercial and residential end uses of water, respectively.

3.1.3.

Middle-out Approach

Both top-down and bottom-up modeling approaches require a clear definition of the variable of
the study. WEN is ill-defined and varies depending on what approach is used. A middle-out
approach is required in order to optimize models through both top-down or bottom-up approaches.
The relationship between water and electricity consumption over time is the first step before
introducing other variables, as seen in Figure 5. The reduction of modeling to univariate timeseries establishes a flexible model able to produce validating forecasting data with limited initial
training datasets. This simple forecasting model would serve as the foundation of building complex
models for WEN studies. The middle-out approach focused on univariate time-series analysis
addresses the fundamental problem statement of data limitations and accessibility for WEN and
optimizes current models and policy decisions. Results from the middle-out approach can be used
to validate models and results from top-down and bottom-up approaches. It is the best next step
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for WEN studies that seem to have stagnated from data inaccessibility, inconsistency between
studies, and lack of optimization capabilities.

3.2.

Types of Data Sets

Types of data sets for forecasting the purposes of water and electricity consumption vary from the
time scales, short-term versus long-term time spans, and a number of available variables within
the given time frame. These variances in data set types have different end goals. For example, the
electric power load forecasting (EPLF) terms of the time-series forecasting horizon duration,
which can be expanded to other resources/utilities, are as follows: short-term load forecasting
(STLF), medium-term load forecasting (MTLF), and long-term forecasting (LTLF). The bounds
of the horizons are one day, two weeks, and three years, respectively [151], as seen in Figure 6.
Short-term load forecasting is an immediate analysis for demand response and scheduling.
Medium-term forecasting is utilized as operation control, system planning, and resource trade.
Long-term forecasting is utilized over weeks, months, and years for the purpose of capacity
planning, maintenance scheduling, and policy.

Figure 6. Forecasting capability based on the time frame of the data set. Adapted from [151].
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The complexity of a model revolves around the number of input variables, either multivariate -multiple variables or univariate -- one variable, with respect to time. Multivariate forecasting
models have strength in short-term forecasting and connecting other factors. As the time scale is
increased to long-term forecasting, the significance of multiple variables begins to degrade.
Therefore, univariate forecasting models have strength in long-term forecasting and limited data
accessibility.
There is an argument that univariate models are sufficient for short-term purposes by claiming that
multiple variables put parsimony and robustness at risk [152]. This claim is formed around the
reliability of the data and how it is processed; for example, incorporating models with climaticbased data sets reduces dependability to predicted climatic inputs. An additional complication to
multiple variables, data processing is necessary to recognize patterns like trend and seasonality as
well as white noise or randomness for various data sets. Univariate time-series analysis is of
interest due to the middle-out approach’s ability to address WEN limitations of data accessibility
and model flexibility.

3.3.

Data Preprocessing

In order to properly analyze a time-series, modeling techniques may require all observations to be
independent. However, observations in a time-series are time-dependent. This requires the timeseries to be stationary. A stationary time-series requires a constant variance, mean, and autocorrelation over time, as seen in Figure 7. To test the stationarity hypothesis, one must distinguish
whether a time-series has a unit root. A unit root is evidence of more than one trend within the
series. The two-unit root tests performed to determine hidden trends within specific orders of
differencing are the Augmented Dickey-Fuller Test (ADF) and Phillips-Perron Unit Test.
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Figure 7. Examples of stationary and non-stationary time-series.

The Dickey-Fuller test is a unit root test that accesses the null hypothesis that α = 1, with α (alpha)
as the coefficient of the first lag on Y.
yt = c + þt + α(yt–1) + ߮6Yt–1 + et
where, (yt–1) = lag 1-time-series; and ߮6Yt–1 is first difference of time-series at the time(t-1).
This is a similar null hypothesis as the unit root test. If the coefficient of (yt–1) is 1, the
assessment implies the existence of a unit root. If not rejected, the assessment concludes the timeseries is non- stationary. The augmented Dickey-Fuller (ADF) test expands the Dickey-Fuller test
equation to include the high order of the regressive process in the model [153]. The critical tdistribution values that test results should be less than (<) for the Dickey-Fuller and PhillipsPerrone tests are listed in Table 2.
Table 2. Critical values for the Dickey-Fuller t-distribution test.
Critical values for Dickey-Fuller t-distribution test
Without Trend

With Trend

Sample Size

Value at 5% confidence

Value at 5% confidence

25

-3.00

-3.60

50

-2.93

-3.50

100

-2.89

-3.45

250

-2.88

-3.43

500

-2.87

-3.42
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Phillips-Perron (PP) test is similar to the ADF test, generating data for higher orders of
autocorrelation [154]. The PP test is non-parametric and does not require the selection of the level
of serial correlation or lag functions as in ADF. Similar to the DF test in many ways but has the
ability to conduct autocorrelation and heteroscedasticity corrections. Both tests work well in large
samples but are susceptible to poor results with small sample sizes.
The preprocessing options for time-series stationarity are transformation, deseasonalize,
detrending, and combination. Transforming the data utilizes log or the Box-Cox [155] power
transformation to achieve stationarity in the variance. If there are significant patterns in the data,
autocorrelations at lag 4 or 12 may exist. Deseasonalizing the data uses the classical, multiplicative
decomposition approach [156]. If there is a change in mean overtime or trending, detrending is
applied to the data. A Cox-Stuart test [157] is conducted to evaluate the existence of a deterministic
linear trending or exponential trending. Elimination of these trends from the data is necessary to
achieve time-series stationarity. All techniques can be applied simultaneously to adjust the timeseries [122].
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Chapter 4. Modeling for Univariate Time-Series Forecasting
When data sets are limited to one variable over time, the choice of model is reduced to a timeseries analysis. In the interest of UM and WEN studies, the data sets are specified to water and
electricity consumption over time. Time-series analysis uses past observations of the same
variable(s) to analyze and separate patterns from random error to define underlying relationships
to predict future behavior [111]. There are two main types of time-series: deterministic and nondeterministic. Deterministic time-series are analytically expressed with no random or probabilistic
aspects. By contrast, a non-deterministic time-series cannot be explained by an analytic expression
as there are non-linear and random elements to the time-series.
The aim of time-series forecasting is to take real-world data composed of a mixture of both
deterministic and non-deterministic time-series and forecast a sequence of observations. Since
non-deterministic time-series is composed of a random element, probabilistic methods are taken
into consideration. Randomness is a means of statistical terms rather than explicit mathematical
relations, i.e., means and variances. A probabilistic model depends on the availability of historical
data for training stages as well as on the temporal autocorrelation function of the input variables
[158]. Addressing both deterministic and non-deterministic data set possibilities, models typically
used for univariate time-series analyses are linear regression, ARIMA, Holts-Winter exponential
smoothing, Genetic Algorithm, Artificial Neural Network, Exponential smoothing with gradient
smoothing, and Hybrid SARIMA-ANN.

4.1.

Linear Regression

Common types of linear regression models are simple and multiple linear regression. The simple
linear regression (SLR) model relates a single independent variable to a single dependent variable,
and its mathematical formation is expressed, as shown in Equation 4.1:
y = Nx ± c ± e

Equation 4.1

where y is equal to the dependent variable, x is equal to an independent variable acting as a function
for the dependent variable, m is a coefficient that represents the slope of the line, c is an intercept,
and e is an error term. The model approaches a perfect solution as the SLR model coefficient m
approaches the value of 1. Multiple linear regression (MLR) model is an expansion of SLR by
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integrating more than one independent variable as a function of the single dependent variable, as
shown in Equation 4.2:
Y(x) = k1x1 + k2x2 + kixi ± C ± e ,

Equation 4.2

where Y is a dependent variable, x1, x2, ∙∙∙∙∙∙, xi (i = 1, 2,ꞏꞏꞏꞏ ,n) are independent variables, k1, k2,
∙∙∙∙∙∙, ki (i = 1, 2, ꞏꞏꞏꞏ,n) are the coefficients of a linear relationship, c is a constant, and e is an error
term. To produce a more reliable model for the MLR model, multiple independent variables are
filtered to select the most significant combination of variables.
The performance of the SLR model is assessed by a correlation coefficient (R), which assesses the
linear relationship between two variables. The range of R is between -1 and 1. If the value of R is
-1 or 1, the variables are highly negatively or positively correlated; however, if R closes to 0, the
variables are not correlated. In addition, the coefficient of determination (R2) is commonly used to
assess the performance of the model. The range of R2 is the same as that for the R-value. When R2
is close to 1, the fitted trend-line is very close to the actual value; it is far from the actual value
when R2 is close to 0.
There are two commonly used variable selection methods: forward stepwise selection and
backward stepwise selection [159]. In the forward stepwise selection method, the model begins
with no independent variables in the model and then adds independent variables one at a time until
no variables present strong evidence of their importance in the model. The p-value is used to select
the variables based on statistical significance. Backward stepwise selection is the reverse of the
forward selection method. This method starts with all potential independent variables. Variables
are eliminated one at a time until the remaining variables have significant p-values.
With application to time-series, the choice between univariate and multivariate times series models
determines the end goal and complexity of the model. Univariate time-series forecasting is the
simplest method, using the information on the variable to be forecast. There is no attempt to
discover explanatory factors of the behavior of the variable. The only goal is to determine what is
happening with the variable over time. The pattern of the variable will typically be composed of
trending, seasonal patterns, and white noise, or error. In this case, Equation 4.3 represents a suitable
time-series forecasting equation;
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EDt+1 = ƒ(EDt , EDt–i , … , error)

Equation 4.3

where t is the present day, t+1 is the next day, t−1 is the previous day, t−2 is two days ago, and so
on. The prediction of the future, t+1, is based on past values of a variable. The “error” term
represents a random variable and the effects of relevant variables that are not included in the model.
As discussed in chapter 3.2, the univariate model has strength in long-term forecasting and limited
data access.
Multivariate time-series models are much more complex, explanatory models. Multivariate timeseries models use influencing factors, or predictor variables, to predict what will happen in the
future and why that variable is happening. The type of variable is dependent on the approach, topdown or bottom-up. These variables are called predictor variables. For example, forecasting the
daily electricity load demand (ELD), a model with predictor variables could be illustrated as;
LD = ƒ(TENEERATURE, ECONONIC strength, eoeulation, day oƒ week, error)

Equation 4.4

The normal distribution of the error illustrates no hidden patterns to be explained by an additional
variable. This type of model would be found in either a top-down or bottom-up approach. Direct
relationships or correlations are used to formulate an algorithm with these variables. See Chapters
3.1.1 and 3.1.2 for a review of types of data relating to the model approach. The third type of model
type combines the explanatory and time-series features of the above two models. The equation
would be similar to the previous Chapters 4.3 and 4.4, as seen;
EDt+1 = ƒ(TENEERATURE, eoeulation, EDt , EDt–i , … , error)

Equation 4.5

This type of “mixed model” is designated various names depending on the discipline, including
dynamic regression models, panel data models, longitudinal models, transfer function models, and
linear system models. These explanatory models are found in top-down or bottom-up approaches
as they describe why something is happening. These mixed models are useful because they
incorporate information about other variables rather than only historical values of the variable to
be forecast. There are disadvantages to utilizing explanatory or mixed models. The system may
not be understood properly. The data sets necessary to model an elaborate system would be
extensive. If extensive datasets are accessible, accurate correlations assumed to direct the
explanatory variable behavior may prove difficult to measure. Due to the varying reliability of
these correlations between explanatory variables and outputs, the time-series model may provide
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more resilient correlations and reliable forecasts than those provided by the explanatory or mixed
model. Therefore, the model to be implemented for the forecasting analysis is dependent on the
model approach, dataset availability, competitive model accuracy, and model result application.
The discussion advances through the various methods used for long-term univariate forecasting –
as this becomes the focus of the problem statement – to address the data limitations of WEN
studies: data accessibility and model flexibility.

4.2.

Auto-Regressive Integrative Moving Average (ARIMA)

The auto-regressive integrative moving average (ARIMA) model is an assembly of autoregressive
(AR) coefficients and moving average (MA) coefficients. The AR coefficients are multiplied by
past values of the time-series and MA coefficients multiplied by past random shocks [155, 160].
The integrative term provides the differencing tool utilized to stationarize the time series. The
values of the AR and MA coefficients are chosen such that the data preprocessing tests with
autocorrelation function (ACF) and partial autocorrelation function (PACF) simulate the estimated
ACF and PACF for the modeled time-series. ACF is an auto-correlation function that provides
values of auto-correlation of a time-series series with past values. Simply, it describes the influence
of lagged values on the current value. Similar to ACF, PACF finds correlations of the residuals.
ARIMA modeling requires a stationary time-series (with constant mean, variance, and
autocorrelations). Nonstationary time-series are assimilated into stationary time-series through
simple operations and transforms, such as differencing and taking the log transform, see Chapter
3.3 for data preprocessing of nonstationary series. After this preprocessing, the ARIMA can be
applied to the time-series for forecasting modeling.
Box and Jenkins [155] proposed a simple three-stage procedure for synthesizing accurate ARIMA
models: 1) identification, 2) estimation, and 3) diagnostic checking. The model construction
process requires data set separation where an end portion of the time-series is set aside in order to
validate the forecasting accuracy. In stage 1) identification, the data preprocessing unit tests of
ACF and PACF are calculated for the available time-series data. If these unit tests indicate
nonstationarity, conversion of the time-series to a stationary series is performed through
appropriate transforms and differencing operations. In addition, this action can be done through
nonseasonal and seasonal lags. The ACF and PACF tests provide a guideline or skeleton
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framework for the ARIMA model to simulate the resulting stationary time-series. Tentative
ARIMA models offer numerous options. The best option is a subjective part of the analysis
process.
In simple terms, the ARIMA model is a time-series stationarized by integration terms (differencing
or detrending) and simulated through a combination of AR and MA portions; all with the ability
to include seasonal and nonseasonal patterns. The qualifications for a good forecasting model are
accurate forecasts as well as parsimonious coefficients; i.e., the least number of coefficients
necessary to explain the available data. In stage 2) estimation, these model coefficient values
project forecasts that are then compared to actual values and adjusted to minimize a standard for
the residual errors. Comparison of ARIMA model coefficient values is made through evaluating
statistical quality, reduction of multicollinearity, and satisfying stationarity and invertibility
restrictions [155, 161]. Once the ARIMA model fulfills all the requirements and designated
standards, the resulting forecast residuals are tested for unit roots to illustrate statistical
independence from random noise. This leads to stage 3) diagnostic checking, unit root tests ensure
that forecast residuals are a) statistically minor, b) reduce variance, and their ACF function does
not have significant short-term autocorrelations.
The seasonal auto-regressive integrative moving average (SARIMA) model is an expansion of
ARIMA modeling suitable to define the linear relationship of a non-deterministic time-series with
seasonal variation. The SARIMA model employs three terms to forecast univariate data:
differencing term, auto-regressive (AR) term, and moving average (MA) term. Seasonality in a
time-series is denoted by recurring pattern shifts that repeat over S time periods, where S defines
the number of lags until the pattern repeats again. For example, monthly data typically
demonstrates seasonality where patterns within the values tend to occur in particular months. In a
year-to-year case, S=12 represents the time lag of months in a year. The following subchapters are
presented for the discussions about the fundamental structure and identification of the best model
structure.
The added differencing strengthens the traditional ARIMA model. A time-series {Zt|t=1, 2, …, k}
is generated by SARIMA (p, d, q) (P, D, Q) s model with a mean (µ) of Box and Jenkins timeseries model is represented by Equation 4.6;
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߮p(B)0P(Bc)(1— B)d(1 — Bc)D(Zt — µ) = 8q(B)©Q(Bc)at

Equation 4.6

where p, d, q, P, D, Q are integers; s is periodicity; $(B) = 1−$1B−$2B2−…−$pBp, 8(Bs) =
1−81Bs−82B2s−…−8PBPs, 8(B) = 1−81B−82B2− … −8qBq, and ©(Bs) = 1−©1Bs−©2B2s− …
−©QBQs are polynomials in B of degree p, q, P, and Q; B is the backward shift operator; d is the
number of regular differences, D is the number of seasonal differences; Zt denotes the observed
value at time t, t=1, 2, …, k; and at is the estimated residual at time t.
The SARIMA model involves the same 3-stag iterative cycle from the ARIMA model [161]: 1)
identification of the SARIMA (p, d, q)(P, D, Q)s structure; 2) estimation of the unknown
parameters; and 3) diagnostic checks on the estimated residuals. This is followed by validating
forecasting future outcomes based on the known data.
The random error, at is expected to demonstrate independence with ACF unit tests. This is shown
through the normal distribution of residuals, displaying mean=0 and reduced variance a2. The roots
of $(Z)=0 and 8(Z)=0 should all lie outside the unit circle. It was suggested by Box and Jenkins that
at least 50 or preferably 100 observations should be used for the SARIMA model.
Choosing the best fit model structure requires a subjective analysis. To aid in ARIMA construction,
Duke University provides 13 guidelines [162]:
1) Identification of difference variable (I) and the constant:
A. If the series presents positive autocorrelations in high lag values (10 or
more), a higher-order of differencing is required and possibly indicated
seasonality.
B. If the lag-1 autocorrelation is negligible, then the series does not require a
higher-order of differencing. If the lag-1 autocorrelation is -0.5 or more
negative, this may be indicative of over differencing.
C. Optimization of differencing the time-series is typically done with the focus
on lowering the standard deviation. Impacts of over/under differencing may
be adjusted with AR or MA terms.
D. Stationary time-series do not require differencing. First-order differencing
assumes the original time-series has a constant average trend. Second-order
differencing assumes that the original time-series has a fluctuating trend.
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E. Zero and first-order differencing typically involve constant terms in order
to account for a non-zero mean value. In contrast, second-order differencing
typically does not need to apply a constant term.
2) Identification of AR and MA coefficients:
A. If the partial autocorrelation function (PACF) of the adjusted (differenced)
time-series illustrates under differencing through a sharp cutoff and/or the
lag-1 autocorrelation is positive, it is possible to reduce the impact with
additional AR terms to the model. The PACF test will show a cutoff lag that
may indicate the AR coefficient terms required.
B. If the autocorrelation function (ACF) of the adjusted (differenced) timeseries illustrates over differencing typically indicated by a sharp cutoff
and/or the lag-1 autocorrelation is negative, it is possible to reduce the
impact with additional MA terms to the model. The ACF test will show a
lag cutoff that may indicate the MA coefficient terms required.
C. Model parsimony must be maintained, reducing the number of AR-MA
terms. This is highlighted by the possibility of AR and MA terms canceling
each other out.
D. If the sum of the AR coefficients is almost exactly 1-- indicating a unit root,
it is recommended to reduce the number of AR terms and increase
differencing.
E. If the sum of the MA coefficients is almost exactly 1 -indicating a unit root,
it is recommended to reduce both the number of MA terms and the order of
differencing.
F. Another unit root test for AR-MA terms is indicative in erratic or unstable
long-term forecasts.
3) Identification of model seasonality:
A. The existence of strong correlations to higher lags demands the use of
seasonal differencing. It is not recommended to implement more than one
seasonal differencing or more than two orders of total differencing (seasonal
nonseasonal).
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B. When the adjusted (differenced) time-series illustrated positive at lag s in
the ACF results, where s is the number of periods in a season, it is
recommended to add a SAR term to the model. In contrast, when the
adjusted (differenced) time-series illustrated negative at lag s in the ACF
results, it is recommended to add an SMA term to the model. The SMA term
is likely necessary along with seasonal differencing due to the presence of
stable and logical seasonal patterns. The SAR term is likely necessary when
the seasonal difference has not been used. This is only done when the
seasonal pattern is erratic or fluctuating over time. Overfitting of time-series
with the data must be avoided. Do not implement more than one or two
seasonal parameters (SAR+SMA) within the same model.
ARIMA models have the advantage of being simple, therefore, are less likely to overfit the data in
comparison to exponential smoothing and adjustment models. The calculation of confidence
intervals for longer-horizon forecasts is more reliable in theory with comparison to other models.
ARIMA models with constant trends retain higher confidence levels in long-term forecasts
resulting in wide confidence intervals at long-term forecast horizons. Models that do not assume
fluctuation in trends retain narrow confidence intervals at long-term forecast horizons [162]. The
advantage of SARIMA is its ability to express the stochastic nature of time-series. Modeling
multiple seasonal cycles is not a problem. However, there are disadvantages in representing only
linear relationships between variables. SARIMA also becomes subjective when determining the
proper order or structure [163].

4.3.

Holts-Winter Exponential

The exponential smoothing method is a time-series forecasting method for univariate data with the
ability to model regular trends and/or seasonal patterns. In comparison to Box-Jenkins ARIMA
methodology, exponential smoothing forecasting uses weighted sums of past observations. The
difference between the two models is the exponentially decreasing weight for past observations.
Therefore, the exponential smoothing forecast associates higher weight to lower time lags.
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The Holts-Winter Exponential Smoothing model is a triple exponential smoothing function that
incorporates simulating seasonal patterns. There are several hyperparameters added to the function
in order to adjust for seasonality [161]:
•

Alpha --

variance

•

Beta --

trending

•

Gamma --

seasonal patterns

•

Phi --

o Trend:

Additive or multiplicative

o Dampen:

Additive or multiplicative

Damping coefficient
o Seasonality:

Additive or multiplicative

o Period:

Time lags within the period

The alpha (a) parameter, also known as the smoothing factor, determines the rate of decay the
weight influence shifts over time. The alpha parameter is set to a value between 0 and 1. A value
close to 1 indicates fast learning or a recent event. Whereas a value close to 0 indicates slow
learning or past observations with heavy influence. The beta (b) parameter determines the rate of
decay with influence to trend overtime shifts. The gamma (g) parameter determines the influence
on the seasonal component.
A damping coefficient, Phi (p), determines the rate of dampening in either: additive or
multiplicative. This is dependent on the trend: linear or exponential, respectively. This model can
be used for heteroscedastic time-series, but exogenic variables cannot be introduced to the model.
This makes the model inflexible to additional variables. In addition, there are disadvantages of
over-parameterization and a large number of starting values to estimate [163].

4.4.

Genetic Algorithms (GA)

A genetic algorithm is an adaptive investigative algorithm with principles of natural selection. The
genetic algorithm iteratively alters a population of individual solutions based upon strength results.
GAs are a simulated natural computation, which means that species pursue suitable circumstances
for survival by continuously evolving. Evolution generates new individuals through three steps:
selection, crossover, and mutation. Selection develops the living environment by preserving better
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species and eliminating worse species. GAs mimics these processes to solve complex problems
with self-organizing capabilities; therefore, it is usually used in categorization, pattern recognition,
and association. GAs can solve difficult problems quickly and can interface with other models and
simulations [164].
Randomness is utilized within each stage of the genetic algorithm. Individuals (data points) are
selected at random from the current population (dataset) to be parents. These parents produce
children (forecast) for the next generation. Over successive generations, the population "evolves"
toward an optimal solution. The genetic algorithm maintains three types of restrictions within each
cycle to produce the next generation [161]:
1) Selection rules
2) Crossover rules
3) Mutation rules
The first restriction is based upon how parents are selected. The second restriction is based upon
how the parent passes on characteristics to the next cycle. The third restriction applies randomness
to form mutations within the new cycle. In terms of data, the GA results become more robust in
the presence of reasonable noise. The GA method can exploit extensive datasets with directed
searches for better performance.

4.5.

Artificial Neural Network (ANN)

The artificial neural network (ANN) model is appropriate to define non-linear, complex
correlations within a time-series composed of multiple variables. The ANN model operates with
an iterative machine learning process to produce robust results. ANN is inspired by human nervous
systems and signal transmission. A neural network system uses input and output data to learn and
train. It consists of many interconnected, identical basic-processing neurons. Each neuron is
connected by links. During the training process, the links where are between neurons keep updating
strength, and then all the experience and knowledge are saved in the links. ANN is powerful
because it has a strong mathematical background and logical system. It is also able to deal with
linear and complex non-linear relationships with a large number of input and output variables
[164]. Due to the structure, there is model flexibility in adjusting to new variables.
39 | P a g e

4.5.1.

Structure of ANN

The structure of an ANN model is built by a network of computing elements (called neurons) that
adjust and work together to solve specific problems. The algorithm of the ANN model is originally
inspired by the human nervous systems and signal transmission [165]. The neurons of the ANN
model recognize incoming signals as input variables (e.g., X1 and X2), and the ANN model needs
a term of bias (e.g., b) to increase the flexibility of the model. The input variables and bias are
multiplied by the corresponding weights (e.g., W1, W2, and W3). The weighted input variables are
then formulated as an activation function, which is designed to process the input variables to an
output variable (e.g., Y), which in turn becomes an input variable for the next neuron.
The ANN model is typically constructed in three layers of neurons: 1) input, 2) hidden, and 3)
output, as shown in Figure 8. Each circle (also called node or unit) represents a neuron. A simplistic
ANN model consists of one input layer, one hidden layer, and one output layer. However, multiple
hidden layers are possible but tend to be avoided, typically resulting in overfitting.

Figure 8. Structure of an artificial neural network.

There is some theoretical basis for governing the number of neurons in use. The general guidelines
for determining the correct number of neurons to use in the hidden layers, such as the following
[188]:
•

Between the number of neurons within the input layer and output layer

•

Roughly 2/3 size of the input layer, greater than the size of the output layer

•

Less than twice the size of the input layer.
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However, training and validating is to find the best number of hidden neurons [166]. Increasing
the number of hidden layers and neurons in an ANN model increases the learning capacity. This
increases the processing time and the possibility of overfitting [167]. Overfitting is a limitation of
ANN, where the model tends to memorize the observations within the training set instead of
extrapolating the patterns. To avoid overfitting and to fit the prescribed guidelines, an equation is
recommended;
N =
h

Nc

Equation 4.7

(α × (Ni + N0))

Where, Nh is the number of hidden neurons; Nc is the sample size of training dataset; α is an
arbitrary scaling factor usually between 2-10; Ni is the number of input neurons; and N0 is the
number of output neurons.
The ANN models can be classified into feedforward and recurrent network based on the types of
connections between neurons. The feedforward neural network moves only one direction, a
forward path from the input layer to the output layer through the hidden layer. That is, the
feedforward neural network has no connections between neurons located in the same layer. The
recurrent neural network includes multidirectional network flow between the neurons in the hidden
layer, as shown in Figure 9. It is known that feedforward neural networks are more commonly
used because they are simpler and more efficient than recurrent networks [168].

Figure 9. Structure of feedforward and recurrent neural networks.
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4.5.2.

Building of ANN Model

The data preprocessing to build ANN models take the first steps for data organization to detect
outliers, split the data into training and validation data sets, normalize the data for the training data
set, and classify input variables. The option to stationarize the data is possible (see Chapter 3.3),
although there are conflicting arguments of whether machine learning models such as ANN require
stationary time-series [122]. As the last proves of the ANN model building, the model validation
has four steps: normalizing the input of test data, feeding normalized input test data into the model
which is selected, de-normalizing the output value of the model, and comparing it to the real output
value to check whether error measures (e.g., root-mean-square error (RMSE) and mean absolute
error (MAE)) are satisfied. The method of modifying the weights between the network layers to
reach the desired output in an ANN model is called a training or learning process [169]. ANN
learning methods can be categorized as supervised, unsupervised, and reinforcement learning. The
main principle of the supervised learning method analyzes the difference between the values of
input and output data for a training process that adjusts the weights of the neuron connections
between two different layers (e.g., input and hidden layers or hidden and output layers). The
supervised learning method continues the training process until there is an acceptable output value
found. The supervised learning of the ANN model is efficient in classification when the output
variable is a category (e.g., “right” or “wrong”) and regression when the output variable is an actual
measurement (e.g., “concentration” or “weight”) [170]. The unsupervised learning method has no
consideration of output data for a learning process. In other words, the main purpose of the
unsupervised learning method is to map inferences from input data from unlabeled responses. In
general, it is used in clustering problems to searching for characteristic groupings within the dataset,
such as categorizing clients by purchase patterns [171].
The reinforcement learning method is similar to the supervised learning method in its training
process, but the output data is not provided to the network. The reinforcement training uses trial
and error to maximize a performance index called a reinforcement signal that is to reflect the
success or failure of the entire system after some sequences of actions have been performed [172].
The reinforcement signal can be positive or negative, which can refer to rewards or punishments.
For example, if the robot operates well, then the learning system returns a positive value (i.e.,
reward), but if not, the system returns a negative value (i.e., punishment). The system takes these
retunes to improve itself based on the trial-and-error process [173].
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The three learning methods to utilize for training: supervised, unsupervised, and reinforcement
learning. Zhou [100] finds that the supervised learning method is the most efficient in forecasting
problems because the historical input and output data are available; hence, the system can directly
learn from the output data and minimize the error between the future observed and predictive
values. The well-known training algorithms for the supervised learning method include backpropagation network, probabilistic network, counter-propagation network, and others. The backpropagation algorithm based on the feedforward neural network is a prevalent method due to the
relative simplicity [174]. The feedforward back-propagation neural network directs a onedirectional signal (feedforward) from the input, hidden, and output layers. The feedforward backpropagation neural network takes three steps as follows: 1) input neurons distribute data forward
through to the hidden layer; 2) data is processed through an activation function and directed into
the output layer, and 3) residuals are distributed back into each neuron link to adjust weights for
optimization, see Figure 10 [173].

Figure 10. Example of feedforward back-propagation neural network.

Figure 10 shows the example for the feedforward and backpropagation processes that include two
neurons in the input layer, two neurons in the hidden layer, and one neuron in the output layer.
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The input and hidden layers also include one neuron for bias. The preliminary value of the bias
neuron is assumed to be 1, but the value of biases can adjust to the other values. The links
connecting any two neurons in the different layers are associated with weights. These preliminary
weights are randomly selected from a given range for the neural network.
The values to the neurons (e.g., x1 and x2) and the value of the bias neuron in the input layer are
proportioned by the weights assigned to the neurons in the hidden layer for the input values. The
proportioned values of the input and bias neurons are then summed to generate y1 and y2 for the
two neurons in the hidden layer as follows:
y1 = x1 × w(1) + x2× w(1) + b(1) × 1

Equation 4.8

y2 = x1 × w(1) + x2× w(1) + b(1) × 1

Equation 4.9

11

12

21

1

22

2

The weighted sums (e.g., y1 and y2) for the hidden neurons are transformed for a non-linearity
property of the ANN model by one of three activation functions: logistic activation function,
hyperbolic tangent activation function, and linear-activation function. The activation function is
the non-linearity element of the ANN model. The logistic activation function generates all output
values between 0 and 1. The logistic activation function is defined by Equation 4.10. The
hyperbolic tangent activation function generates all values between -1 and 1, seen in Equation 4.11.
The linear-activation function generates the same values as the input values, seen as Equation 4.12.
1
Equation 4.10
F(X) =
–s
1+e
F(X) =

2
(1 + e–2s)

Equation 4.11

—1

F(X) = X

Equation 4.12

where X = hidden neuron inputs
Equations 4.13 and 4.14 show the transformed values (e.g. a(2) and a(2)) of the weighted sums by
1

2

the activation function, fn.
a1(2) = ƒn(y1)
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Equation 4.13

a2(2) = ƒn(y2)

Equation 4.14

The transformed values of the hidden neurons and the value of the bias neuron in the hidden layer
are computed as the weighted sum (= y3) for the input of the neuron in the output layer as follows:
y3 = a(2) × w(2) + a(2) × w(2) + b(2) × 1
Equation 4.15
1

11

2

12

1

The input of the output neuron is then transformed for the final output of the ANN model as follows:
a1(3) = ƒn(y3)

Equation 4.16

Once the feedforward process is completed, the backpropagation process first calculates the error
between the final output in the output layer and an actual output value using a partial derivative.
For example, the error of the transformed value, E (3) , is calculated by Equation 4.17, where
a1

Targeta(3) is desired output value and Outa(3) is given by Equation 4.12which is the output value
1

1

of a(3)
1 :
Ea(3) = Outa(3) × (1 — Out a (3) )× (Targeta(3) — Outa(3) ).
1

1

1

1

Equation 4.17

1

The error, E (3), is then considered to adjust the weights of the neuron connections (e.g., w(2) and
11

a1
(2)
w12
) in Equation 4.15 by the following Equations 4.18 and 4.19:

(2)
W11+(2) = W11
+ 5E a(3) Out a(2)

Equation 4.18

(2)
W12+(2) = W12
+ 5E a(3) Out a(2)

Equation 4.19

1

1

1

2

+(2)
In Equations 4.18 and 4.19, W+(2)
11 and W 12are the adjusted weights, Out

(2)

a1

and Out

(2)

a2

are

given by Equations 4.13 and 4.14, which are output values of a(2) and a(2), respectively, in the
1

2

hidden layer, and the symbol 4 represents a learning coefficient between 0 and 1, which is
determined by a user. Determining the constant learning coefficient for an ANN model is usually
a tedious process requiring much trial and error. If 4 is too high, the training process may become
unstable and oscillate widely; if 4 is too low, the training process may take more time to converge
or not converge.
The backpropagation process also calculates the errors of the transformed values in the hidden
layer (e.g., Ea(2) and Ea(2) ), hereby Equations 4.20 and 4.21:
1

2

E

(2)

= Out

(2)

× (1 — Out
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(2)

) × (E

(3)

W(2)).

Equation 4.20

a1

a1

a1
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a1

11

E

(2)

= Out

a2

(2)

(2)

× (1 — Out

a2

) × (E

a2

(3)

a1

W(2)).

Equation 4.21

12

After calculating the errors, Ea(2) and Ea(2), the weights between the input layer and hidden layer
1

+(1)

are updated (e.g., W

11

+(1)

,W

2

+(1)

,W

12

, and W+(1) ) by Equations from 4.22 to 4.25. Where

21

22

InX1and InX2 are the input values of input neurons.
W+(1) = W(1) + 5E
11

11

12

21

22

Equation 4.23

(2)InX1

Equation 4.24

a2

W+(1) = W(1) + 5E
22

(2)InX2

a1

W+(1) = W(1) + 5E
21

Equation 4.22

a1

W+(1) = W(1) + 5E
12

(2)InX1

(2)InX2

Equation 4.25

a2

The process above is just a one-time training process, also called one epoch. An epoch is one cycle
of the feedforward and backpropagation to update the weights. In general, in the ANN model, this
process repeatedly runs several times until the ANN model finds the minimum error [173]. There
is caution in over-training the model as it will fall into overfitting the data. This is one of several
limitations for the ANN model. Other limitations of ANN are: 1) bias-variance tradeoff, 2)
complexity, 3) standardization of input values, 4) hidden patterns within the output values, 5)
heterogeneity of data, 6) redundancy in the data, and 7) the presence of interaction and nonlinearities [175].

4.6.

Exponential Smoothing with Gradient Boosting

Exponential smoothing with gradient boosting is another form of hybrid modeling designed for
short-term forecasting [176]. The double exponential smoothing forecasting is improved by fitting
the residuals with a gradient boosting algorithm. Gradient boosting is an iterative procedure.
Optimization steps are taken following each stage, with residuals from the previous step are fit
using a decision tree learning method. This method is flexible and powerful but requires finetuning of many parameters. The issue with exponential smoothing still lingers with the inability to
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adjust to additional variables once a validation model is established.
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4.7.

Hybrid SARIMA-ANN

The idea of combining ARIMA with ANN was first introduced by Zhang [111], but this model
was limited to non-seasonal data. However, future studies expanded on this research [177-179].
These studies focus on building ARIMA models and utilizing the error in the outputs, residuals,
as inputs into their ANN models. Wang and Meng [179] showed promising results in energy
consumption for the region of Hebei in China. Moeeni [180] pushes further with this research to
predict the monthly water inflow of a dam. The data is comprised of 30 years of monthly values
with evidence of extreme seasonal variance. Extreme seasonal variance is an issue not addressed
by recent hybrid model studies. The Moeeni [180] framework is set up as a series with residuals
of the SARIMA model feeding into the ANN model, as seen in Figure 11. The series Hybrid
SARIMA-ANN model initially calls for the production of a linear forecast through a SARIMA
model. The results are compared to a validation data set, and residuals are produced. The hybrid
concept of the model routs the residuals into an ANN model to determine non-linear residual
patterns that were missed by the SARIMA model. The ANN output is used as an adjustment to
produce a final forecast output.

Figure 11. Series hybrid SARIMA – ANN model proposed by [180].
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The hybrid SARIMA ANN model was able to capture the extreme seasonality. However, the
performance fails to accurately forecast baseline values in comparison to SARIMA. This
framework does not fully utilize the potential of the ANN network by providing little training data.
In many past hybrid model frameworks, there is a focus on utilizing the linear residuals to use as
the ANN input. This concept of hybrid model framework relies heavily on linear modeling,
remaining subjective to how well one model is built. The concept also assumes that the real-world
data provided is more linear in nature as it is the predominant model.
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Chapter 5. Modified Model Proposal
The management of water and energy is critical to human progress and urban sustainability.
Models are necessary to guide decisions and implementation of WEN systems, including resource
management and institutional policy involving WEN infrastructure. The complexities of WEN
studies require vast amounts of data. With data accessibility limited, the middle-out approach using
the univariate time-series model serves as an initial validation model for further model building
and WEN study expansion. Hybrid models have shown promise in combining the strengths of
linear and non-linear modeling, highlighting the strengths of both model approaches.

5.1.

Parallel Hybrid SARIMA-ANN (PHSA)

In order to improve the model performance of traditional linear modeling while gaining model
flexibility, this research proposes adjusting the hybrid SARIMA-ANN model structure. The former
model is set up as a series, with the SARIMA residuals feeding into the ANN model to capture
non-linear patterns. The proposed parallel hybrid SARIMA-ANN model calls for two parallel
models, SARIMA and ANN, where model inputs are fed the same time-series with results
combined through a simple second ANN for an accurate forecast, as seen in Figure 12. This is
different from many other current hybrid models that focus on a series framework feeding residuals
of the linear model into non-linear models. The objective of the Parallel Hybrid SARIMA-ANN
(PHSA) design is to forecast seasonal time-series of univariate data without overreliance on results
of initial linear model results. This objective is achieved through the following specific steps:
1. Preliminary stage of data preparation
A. Visualize and preprocess data
B. Data split into training and validation datasets
2. Analyze and forecast energy consumption with univariate data analysis:
A. Seasonal Auto-Regression Integrated Moving Average (SARIMA)
B. Artificial Neural Network (ANN0)
3. Combine linear (SARIMA) and non-linear (ANN0) forecast into ANN1 model
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Figure 12. Parallel hybrid SARIMA-ANN model.

In comparison to SARIMA, ANN, and series Hybrid SARIMA-ANN, the proposed PHSA
structure embraces the power and flexibility of ANN. The entire time-series is analyzed by the
ANN model. The parallel framework retains the ANN ability to work with univariate data as well
as multivariate data, another fault of the previous Hybrid SARIMA-ANN model. The PHS-A
model analyzes and forecasts univariate data analysis using Seasonal Auto-Regression Integrated
Moving Average (SARIMA) and Artificial Neural Network (ANN), separately; then combines the
results into a second ANN to fit in outputs with higher forecast accuracy. This framework works
to properly highlight the strengths of both systems and does not limit the ANN model to one
variable.

5.2.

Case Study: Morgantown, WV Apartment

The data within this case study is composed of monthly electricity consumption (kWh) within an
apartment building from 2005-2016 in Morgantown, WV. This data set was used to demonstrate
the parallel hybrid SARIMA-ANN model. Results were compared to SARIMA, ANN, and series
hybrid SARIMA-ANN models.
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5.2.1.

Preliminary Stage (Steps 1A and 1B)

The data is preprocessed through preliminary steps 1A and 1B to have prepared the dataset for
initial model builds. The preliminary step 1A enables a breakdown of the time-series to see hidden
trends that need to be captured by models, see Figure 13. Once these trends are understood through
various testing from step 1A, preprocessing of the data can be done to transform the time-series
into a stationary time-series. However, it is up to the model designer to incorporate these trends
within the model or transform the data before input (refer to chapter 3.3 on data preprocessing).
The application of these test results guided the structure design of both SARIMA and ANN0.

Figure 13. Preliminary stage part 1A.

Before model design specifications were attempted, the raw time-series was visualized to
determine if there are any hidden trends and/or patterns of seasonality, see Figure 14. The
increased mean over time indicated a positive trend. The month-to-month variation of values in
relation to the indicates covariation issues. Both of these patterns are evidence of non-stationarity
within the time-series. Figure 15 illustrates an alternative view to the raw data with monthly max,
min, and average values. This is further visual evidence of seasonal variation. Specific monthly
datasets of note that will be difficult to capture in a robust model are January and September. The
month of January shows the widest range between max and min values at 11,000 kWh difference.
The September to October average values show the largest decrease between month averages
(5,000 kWh). Capturing these monthly values in the validation model will show model resiliency
to extreme seasonality trends in time-series data.
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Figure 14. Visualize the raw time-series with notable trending.

Figure 15. Time-series monthly max, min, and average showing seasonal variation.
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After visualizing the time-series, it is expected to find hidden patterns within the time-series
through statistical tests. Unit root testing for time-series stationarity with Phillips-Perron (PP) and
Augmented Dickey-Fuller (ADF) test shows the time-series is not stationary with a 12-month lag,
see Table 3. All t-test values pass the critical t-distribution values of < -3.45 (provided in Table 2)
except for the ADF 12-month lag test value. This confirms hidden seasonal 12-month trends within
the time-series, as was indicated by the analysis of Figure 15. The ADF lag 1 test provides an
opportunity to transform the series and conduct ACF and PACF plotting to further understand the
hidden trends.

Table 3. Unit root testing results.
Test

Lag

Test Value

Stationary

Result Utilization

Phillips-Perron

4

-51.36

Y

Reveal trend within 12 months

Augments Dickey-Fuller

1

- 6.48

Y

Allows ACF-PACF plot

Augments Dickey-Fuller

4

- 5.02

Y

Reveal trend within 12 months

Augments Dickey-Fuller

12

- 3.11

N

Reveal overall 12-month trend

Test value must be <-3.45 critical t-distribution value with trend and 100 samples at 95% certainty.

Figure 16. First-order difference of time-series.
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Transformation of the time-series to remove trend was conducted through a first-order difference
transformation, see Figure 16. There remains to be evidence of extreme seasonality with a high
variation of values month to month from the mean, indicated by the large spikes followed by
smaller spikes on the graph. The ACF and PACF plots confirm there is seasonality in the firstorder difference time-series; see Figures 17 and 18. Major positive correlations are found
breaching the significance guideline (indicated by the dotted line) at the seasonal lags 1, 2, and 3
in the ACF plot. There are smaller correlation patterns between the 1, 2, 3, 4, and 6 months in the
ACF plot. Both of these patterns are circles in Figure 17. The PACF plot indicates similar patterns
in Figure 18.

Figure 17. ACF of first-order difference time-series.
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Figure 18. PACF plot of first-order difference time-series.

In order to address the seasonality in the time-series, a 12-order transformation (12 lag) was
implemented, see Figure 19. The time-series was tested as before to be thorough. The ACF and
PACF plots were done for the seasonal differenced time-series; see Figures 20 and 21. The
guidelines to interpreting ACF and PACF plots [162] indicate: 1) positive autocorrelations out to
a high number of lags requires a higher order of differencing, 2) If lag-1 autocorrelation is zero or
negative, indicates higher order of difference is not necessary, and 3) If the lag-1 autocorrelation
is -0.5 or more negative, the series may be over-differenced. The over-differencing can be adjusted
by additional terms in the model.
Both plots indicate a non-stationary time-series with autocorrelation at lag 1. Therefore, it is
understood the initial model constructed must contain a variable to capture the seasonal, 12-month
autocorrelation as well as addressing correlation issues at lower lag values. The seasonal variable
can be addressed by feeding the lag-12, seasonal differenced time-series into the models or by
structuring models to process the seasonal correlation. Both SARIMA and ANN models have the
ability to address both the seasonal and local (lag 1-4) correlations.
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Figure 19. Seasonal (12 lag) differenced time-series.

Figure 20. ACF plot of seasonal (12 lag) difference time-series.
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Figure 21. PACF plot of seasonal (12 lag) differenced time-series.

To finish the preliminary stage with 1B, the time-series was split into the training and final
validation datasets, see Figure 22. The final validation dataset remained unknown to the models
until final forecasts were compared. The SARIMA training dataset that retains more data points as
the years of 2005-2006 were consumed by the ANN model data preprocessing, requiring the lags
of 1- 4 months and 1-2 years in order to capture the autocorrelations identified in step 1A.

Figure 22. Data split for training and final validation datasets.
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5.2.2.

PHSA construction (Steps 2A and 2B)

After the preliminary stage, the process continued to 2A and 2B (refer back to Figure 12). The
unit root test results and ACF/PACF plots provide a guide to initial model structures for 2A and
2B, see Figure 23. Both SARIMA and ANN models must be able to capture the seasonal and local
autocorrelations indicated in step 1A. The SARIMA model (1, 0, 0) (0, 1, 0)12 assumes a seasonal
value from an independent random walk. The additional non-seasonal AR-term preserves seasonal
patterns and lowers the amount of differencing required. This increases the stability of the trend
and response to cyclical turning points. The 7x5x1 ANN0 structure was suggested by Zhang [111]
to ensure robustness while maintaining simplicity in the model. In addition, seven is the number
of inputs that seem to hold a correlation identified in step 1A. The ACF and PACF plots show peak
correlations at 1, 2, 3, 4, 6, 12, and 24 months.

Figure 23. 2A and 2B initial model structures.

Step 2A focuses on the SARIMA build. The initial SARIMA model is the seasonal random walk
(SRW); see Figure 24. The seasonal random walk model predicts that next year’s seasonal cycle
will have exactly the same shape (i.e., the same relative month-to-month changes) as this year’s
seasonal cycle. This is the typical initial model for SARIMA model building. However, step 1A
has already shown evidence of additional terms to capture local, non-seasonal autocorrelations.
The following step is to plot residential ACF. Expected failure leads to the application of 13 rules
for additional optimal SARIMA parameters described in section 4.2 [162]. Multiple feasible
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SARIMA models are constructed with these rules as a guide and compared using Akaike
Information Criterion (AIC) and significance of coefficient.

Figure 24. Fundamentals for building SARIMA model

To address this local auto-correlation, there is an additional non-seasonal AR-term to capture the
month's prior influence. The initial SARIMA model (1, 0, 0) (0, 1, 0)12 forecast results are
compared to the validation dataset set aside in step 1B. The difference in forecast and validation
values produces the model residuals. The residual ACF plot provides a pass-fail sequence to
establish whether there is evidence of autocorrelation within the residuals of the model. If there is
a pattern, or correlation, within the residuals, it indicates the need for additional terms. The tests
provide an initial model for evaluation. However, variations of this model provide options with
changes in non-seasonal and seasonal AR, MA, and differencing terms, see Figure 25. These
models allow for a balance between model parsimony, optimization, and accuracy. The choice of
model depends on the application of the result. Models may provide wide or narrow confidence,
trending may be higher or lower, and the model may be overfitted or underfitted. Testing and
applying a standard qualifying best fit model is necessary for the following step.

61 | P a g e

Figure 25 Testing all feasible SARIMA structures

The feasible models were run through the process discussed in chapter 4.2. Models were compared
by AIC, σ2, and significance of variable. The Akaike Information Criteria (AIC) is a widely used
measure of a statistical model to quantify the goodness-of-fit as well as the simplicity of the model.
This combines model accuracy and parsimony in one indicator. When comparing the two models,
the one with the lower AIC is generally “better.” This is not the only deciding factor. There is a
craft to ARIMA model construction with guidelines. All feasible models are reviewed with these
guidelines to understand what each model structure is accomplishing with the various terms within
the structure. Multiple differencing terms cause a loss of original data formatting, and multiple
AR-MA terms can be conflicting in their implementation. After a thorough review of all feasible
models in Figure 26, the list of feasible models is reduced to four choices, see Figure 26. These
four models reduce differencing to one seasonal difference and rely on 1-3 additional terms to
capture the other indicated correlations. Reducing the number of additional terms increases the
significance of the variable, determined by the coefficient divided by the standard error. Although
the AIC and σ2 are not the best in comparison to the other four models. The model X ( 1, 0, 0) (1,
1, 0) provides the best fit model equation;
0.7467(B)(-0.5317(B)S)(1 — Bs)Dyt = st
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Equation 5.1

Figure 26. Identification of best-fit SARIMA model

Step 2B focuses on the ANN build. The build process is composed of data preprocessing (blue),
model structure design (green), and validation process (red), see Figure 27. The process is similar
to the process in chapter 4.5. Adjustments are made to the model structure ( i x n x 1), with i
representing a number of inputs and n representing a number of hidden neurons.

Figure 27. Fundamental process for building ANN
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All feasible models are reviewed. Model structures vary by input lags, transfer functions, and the
number of hidden nodes. After a thorough review of all feasible models in Figure 28, the list of
feasible models was compared by R2. The initial structure, 7x5x1, proved to be the best ANN
model with a 0.89 R2 and fits the guidelines discussed in chapter 4.5.1 that maintains the number
of hidden nodes should be less than input nodes.

Figure 28. Testing all feasible ANN0 model structures.

5.2.3.

Construction of ANN1 and forecast combination (Step 3)

After testing for the best model structure, the training datasets were reduced for both 2A and 2B;
refer to Figures 29 and 30. In order to provide forecast residuals for the following ANN1 model,
the training data is reduced to a 6-year cycle to forecast data. This is listed as SARIMA x-11. The
forecast residuals are then set aside for ANN1 training data in step 3. The SARIMA model is linear
and will produce the same results depending on the data provided. The ANN0 model must have
100 sample runs with the training data set with an average of 100 results taken to determine the
final forecast of the model. After forecasts for 2011 are set aside for the ANN1 training set, the
SARIMA training sets are increased by one year and run through a similar process. This is listed
as SARIMA x-12. Each cycle increases the year of training data (SARIMA x-13,14,15); refer to
Figure 29. This provided five years of forecasting data from 2A to be input into the simple ANN1
model in step 3.

64 | P a g e

Model
SARIMA x-16
SARIMA x-11
SARIMA x-12
SARIMA x-13
SARIMA x-14
SARIMA x-15

2005 2006 2007 2008 2009 2010
2011
2012
2013
2014
2015
2016
Training data ‐ 132 Points
Validation
11 Year Cycles
Training data ‐ 72 Points
Forecast
12 Points
6 Year Cycles
Training data ‐ 84 Points
Forecast
12 Points
7 Year Cycles
Training data ‐ 96 Points
Forecast
8 Year Cycles
12 Points
Training data ‐ 108 Points
Forecast
9 Year Cycles
12 Points
Training data ‐ 120 Points
Forecast
12 Points
10 Year Cycles

Figure 29. Reduction in 2A SARIMA training dataset to produce forecast data.

Model
ANN 0-16
ANN 0-11
ANN 0-12
ANN 0-13
ANN 0-14
ANN 0-15

Trans. Func. / Nodes
Tan and Log
(4, 5, 7) x (2‐6) x (1)
Log
7x5x1
Log
7x5x1
Log
7x5x1
Log
7x5x1
Log
7x5x1

2007

2008 2009 2010 2011
2012
2013
2014
2015
2016
Training data ‐ 96 Points
Validation
9 Year Cycles
Model
Trace
Training data ‐ 44 Points
Forecast
12 Points
5 Year Cycles
Training data ‐ 56 Points
Forecast
12 Points
6 Year Cycles
Training data ‐ 68 Points
Forecast
12 Points
7 Year Cycles
Training data ‐ 80 Points
Forecast
8 Year Cycles
12 Points

Figure 30. Reduction in 2B ANN0 training dataset to produce forecasting data.

The process for 2B is similar to 2A. In order to provide forecast residuals for the following ANN1
model, the training data is reduced to a 6-year cycle to forecast data. This is listed as ANN

0-11.

The forecast residuals are then set aside for ANN1 training data in step 3. The ANN model is nonlinear and will produce different results with every iteration. The ANN0 model must have 100
sample runs with the training data set with an average of 100 results taken to determine the final
forecast of the model. After forecasts for 2011 are set aside for the ANN1 training set, the ANN 0
training sets are increased by one year and run through a similar process. This is listed as ANN
12.

0-

Each cycle increases the year of training data (ANN 0-13, 14, 15); refer to Figure 30. This provided

one year of traced data and four years of forecasting data from 2B to be input into the simple ANN1
model in step 3. One of the limitations of this study is the limited dataset. The ANN0 requires
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minimum data input. The limited data requires that the 2011 data forecast was the ANN0 model
trace of 2011 data. This means the model was provided the 2011 data in the training set. This will
provide better results for the ANN0 model in the 2011 forecast results; however, it should not have
a major impact on the overall results of the study. The best way to avoid this issue would be to
have an additional year for the training set. This completes the training data set for the ANN1 model
structure testing and forecasting.
The structure of the ANN1 should remain simple. A balance of hidden neurons and restricting
training iterations reduces the issues of overfitting and overcorrection of the ANN1 model. A more
dynamic ANN1 model structure will change whether the PHSA framework is built on a 1)
combined linear - nonlinear method or 2) nonlinear method. Multiple hidden neurons in the ANN1
model increase the nonlinear computing power; therein, it is expected to increase the forecasting
accuracy. Figure 31 shows testing the structure of ANN1 structure with two inputs and one output,
1-10 hidden node(s), and tangent/logarithmic transform function.

Figure 31. Average R2 comparison of ANN1 model structure test with 1-10 hidden nodes.
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The comparison of models is made by running 100 simulations and taking the average R2. Training
reiterations were reduced to 10 in order to limit overfitting. There was no significant increase in
model performance with additional nodes other than 0.001 increase at the hidden layer to 7 nodes
with a tangent transform function. The only difference made with adding numerous nodes in the
hidden layer is to define the final output of the parallel hybrid SARIMA-ANN model as a nonlinear model instead of a combined linear/non-linear model. Therefore, the model structure for the
ANN1, in this case, will be a simplified ANN model (2X1X1) with log transform.
The reduction of the hidden neuron layer to one neuron reduces forecasting capability to linear
with linear and nonlinear dataset inputs. The simple one hidden neuron reduces the volatility of
the model and emphasizes reliance on the forecast of 2A) SARIMA and 2B) ANN0. In accordance
with the previous guidelines from chapter 4.5.1 and preserving model simplicity, ANN1 is a simple
structure (2x1x1); see Figure 32. This model structure is composed of: 1) two inputs of the five
years of forecasting data from SARIMA and ANN0; 2) one hidden neuron; and 3) log-sigmoid
transfer function. This structure avoids overfitting and processing with the task to simply
understand which model had the best fit. The forecasting points provided by 2A and 2B training
dataset reduction process were submitted into the ANN1 model structure. This is a simple ANN
model, 2x1x1, that took the best points for both models to forecast a more accurate forecast. This
captured the strengths of the SARIMA model and the preciseness of the ANN model.

Figure 32. Identification of best fit ANN1 Model
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The performance metrics used for the model comparisons are the root-mean-square error (RMSE)
and mean average relative error (MARE). RMSE is a quadratic scoring rule that measures the
average magnitude of the error; see Equation 5.2. MARE measures the average magnitude of the
errors in a set of predictions without considering direction; see Equation 5.3.
RMSE = J
MARE =

(totaS CUN of error)2
NUNBER of CANPSEC

totaS CUN of abcoSute error
NUNBER of CANPSEC

Equation 5.2
Equation 5.3

The results of the forecasting model in comparison are provided in Figure 33. The validation
dataset is graphed with a solid black line and all other models listed in the legend. Most models
trail a similar trend in comparison to the validation data except for the months of January, May,
July, and September. The ANN0 model had a large amount of error in the September forecast. This
is due to ANN models overreacting to the local maxima.

Figure 33. Forecasting validation results

68 | P a g e

The percentage of the error to the actual value for each forecast model is shown in Figure 34. This
provides a better understanding of how the models performed month to month in comparison to
the validation data set. The ANN0 model shows its ability to outperform all other models in months
(January, February, June, and November). However, the ANN0 forecasts for the months of
September and October are extreme outliers. Again, this shows the volatility of ANN models
overacting to local maxima. This also shows how the parallel hybrid SARIMA-ANN model seems
to act as an average function between the SARIMA and ANN function while also improving on
both models in some cases. This is further discussed in Chapter 6.

Figure 34. Forecasting validation results with percentage error to the actual value.

The performance metrics of RMSE and MARE for the final forecast models are provided in Figure
35. This shows the overall performance of the forecasting models. SARIMA and ANN0 models
have similar performances. ANN0 is able to capture better results for a majority of months while
overacting to the seasonal extremes in September and October. The parallel hybrid SARIMAANN model is able to combine both forecasts of the SARIMA and ANN0 models while improving
them in some cases. The absolute average error for SARIMA, ANN0, Series, and Parallel models
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were 2149, 1879, 3489, and 1638, respectively. The absolute error standard deviation for
SARIMA, ANN0, Series, and Parallel models were 1674, 1584, 1734, and 1355, respectively. The
error standard deviation for SARIMA, ANN0, Series, and Parallel models were 1897, 2456, 2289,
and 1846, respectively. This results in an overall better performance metric for the parallel hybrid
SARIMA-ANN model. The series hybrid SARIMA-ANN performed poorly in all cases across the
board.

Figure 35. Performance metrics of forecast models

5.2.4.

Discussion

The ANN0 outperformed SARIMA in the first six months with the spike of inaccuracy in September
2016, reacting to local maxima but capturing extremes in January, February, April, and November.
SARIMA outperformed all models in September and October. Series hybrid SARIMA- ANN did not
perform well due to the need to replicate the ANN model training with forecast values, therefore
consuming limited data. Parallel hybrid SARIMA-ANN (PHSA) smoothed out the ANN0 local
maxima reaction and improved seven forecasting points of ANN0. The PHSA did improve 9 out of
the 12 SARIMA model forecast points. SARIMA had slightly better results for the forecast in
September and October with near 1% error, edging the parallel hybrid model by 5% error
improvement. This is caused by the influence of the ANN0 model, which is highly reactive to the
September maxima. The largest error for ANN0 is the September forecast. The PHSA was able to
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improve forecast when inaccuracies were similar, i.e., March, July, and December. Overall, the
PHSA had the best RSME and MARE than all other tested forecast models
Expanded studies in this study would involve: 1) increasing the forecast horizon to three years in
order to illustrate model reliability for long-term forecasts; 2) rearranging the years within the
dataset would test model resilence to adapt to different patterns; and 3) testing additional datasets
with downward and variable trends would test the reliability of the parallel hybrid SARIMA-ANN
model framework. Evaluations for the best fit ANN1 structure with changes to the number of
hidden neurons require comparing long-term forecasts of 3 years with various datasets.
The previous series hybrid SARIMA-ANN model relies on preset patterns and subjective judgment
of SARIMA. The PHSA model acts as a smoothing function of linear and non-linear models. The
major contribution of this model is the ability to transcend into any application of research
involving forecasting data. The flexibility of the ANN model allows for additional variables.

5.3.

Future Work

The long-term goal of this research is focused on a robust and resilient network design of energy
and water infrastructure. This is done by integrating water- energy data with organized planning.
The idea is to analyze and process limited, raw water-energy data that can be incorporated into
decision-making methods through GIS mapping systems. These mapping systems have the ability
to evaluate infrastructure network vulnerabilities to natural and manmade disasters.
Models used in the analysis must have the flexibility to handle various factors. With social
topography taken into account, network failures can be modeled to show impacts on the social and
economic activity within the community. Similarly, innovations in technology and policy can be
modeled to illustrate the positive social impacts. A new study framework consists of four revolving
steps:
1) Collating water-energy supply and usage data sets;
2) Developing a data analysis model to map resource supply-demand patterns;
3) Delineating decision-making procedures and geopolitical boundaries (city boards,
utility providers, institutions, etc.) for balancing water-energy supply-demand; and

71 | P a g e

4) Identifying and sequencing resource planning criteria. The outcomes obtained from the
technical and organizational procedures will lead to resource-efficient technical and
organizational practices.
This is designed to establish a dual framework that integrates resource technical and organizational
procedures to homogenize the resource information flows. In order to identify and sequence
resource planning criteria, two tasks are necessary. Stakeholder and critical node analysis lead to
the end goal of WEN optimization at the city scale.

5.3.1.

Stakeholder Analysis

After the integration of planning and decision-making processes between water and energy sectors,
the development of the physical database platform for collection and investigation of water-energy
issues and solutions can be done efficiently. Planning requires data; however, there needs to be a
network in place to acquire and analyze data. With combined database information, one would be
able to map current and future demand patterns, identify trade-offs, allocate resources, streamline
the decision-making network, and provide a resilient infrastructure for future use. Siddiqi [72]
considers a framework to assess the physical system integrated with social and political
stakeholders. As one of the first to focus a study on the stakeholders of the WEN system at a
countrywide scale, Siddiqi [72] attempts to illustrate the current management networking of the
water-energy sector as well as expanding links to other sectors that can serve as collection of
knowledge and evaluation exercise for decision-making activities.
It is necessary to understand the strategic linking among key stakeholders and decision-making
institutions to enable impactful decision-making processes and achieve higher resource-use
efficiency [52]. The analysis of the California Energy Commissions [46] shows that California can
achieve “nearly all of its energy and demand reduction goals for the 2006-2008 program period by
simply allowing energy utilities to realize the value of energy saved for each unit of water saved.
In that manner, energy utilities can co-invest in water use reduction programs, supplementing
water utilities efforts to meet as much load growth as possible through water efficiency.”
Stakeholder analysis works toward improving policy. In this approach, it should be recognized that
policy development is a complex process in unstable and changing environments [52], building
upon the thought of wicked problems identified by Kenway [1]. By taking into account
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the interests of the whole range of stakeholders, influence or influenced, compromise is necessary.
The agglomeration of public goals and private stakeholder interests into a common objective. The
only way for compromise to be met is through fluid organizational networking and data and
knowledge communication.
Stakeholder Analysis, or SA, requires identifying stakeholders, assessing and comparing their
interests, and examining inherent conflicts, compatibilities, and trade-offs. The term ‘Stakeholder’
is to define “any group of people, organized or unorganized, who share a common interest or stake
in a particular issue or system; they can be at any level or position in society, from global, national
and regional concern down to the level of household” [52]. SA is a holistic approach or procedure
serving to comprehend a system and evaluate the links and influences to that system. This is done
by categorizing the essential stakeholders and weighing influence within the system. Two distinct
concepts are necessary to understand SA: conflicts and trade-offs. Conflicts are states of
competition, where there is a fight over control of a resource. The trade-off is an alternative
objective used to balance the interests among conflicting stakeholders. Trade-offs imply an
opportunity cost in terms of benefits lost [52]. Conflict among stakeholders is likely to be between
the influencer— ‘active stakeholder’-- and the influenced— ‘passive stakeholder.’ Intended
beneficiaries are measured by importance: primary and secondary stakeholders [181]. This
designation classifies a hierarchy of needs and interests. The power of influence refers to the
weight certain stakeholders have over the success of a project [52, 181].
With reference to WEN and natural resource management, situations are characterized by interests
and trade-offs. These are typically pulled from citizens, government departments, national and
international planners, and professional advisors; and thus, particularly suited to SA [182]. In
complex decision-making situations with various stakeholders using a multiple-stakeholder
approach, a single solution is not the end goal. It is implemented to clarify the stakeholders'
positions and identify sources of conflict to aid in developing a myriad of compromising solutions
[183]. Stakeholders should be identified, weighed, and organized so that communication and
representation are clearly established. Boundary spanning intermediaries, or agents, are used to
mitigate dialogue. Boundary-spanning intermediary allows for the implementation of policy across
different levels of decision-making [184, 185]. These intermediaries are the interface of
community specialists and decision-makers, allowing knowledge to flow from the expert opinion
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to decision-maker understanding. This translates to the effective implementation of efficient policy
and regulation [186]. By using stakeholder analysis and boundary spanning intermediaries,
organizational networking can be open and transparent to identify and express the concerns and
goals for all members involved.

5.3.2.

Critical Node Analysis

The use of stakeholder analysis and boundary spanning intermediaries opens WEN studies to the
understanding of the influence of the decision-making process. The decision-making process can
be streamlined to allocate resources to projects to alleviate the needs of stakeholders on all levels
while encouraging efficiency. The ability to implement technology and policy changes efficiently,
however, still requires the breakdown of the physical water-energy infrastructure at the city and
state scale. A clear picture of current infrastructure and demand patterns allows experts and
decision-makers to identify and communicate designs and ideas. However, considering only
linkages in the provision and production of water-energy perspective misses a much larger picture
where only co-location of physical infrastructure and interwoven data analysis can provide a clear
understanding. The only way to successfully define a water-energy nexus system based around the
stakeholders and decision-makers, as well as the physical infrastructure, is through a system of
nodes and links [111]:
1) Identify critical nodes in the system by the practice of an index of centrality.
2) Optimize regulation of links with the creation and destruction of pathways in order to
reveal bottlenecks in the system.
3) Optimize regulation of network flows in order to track materials and links.
This methodology allows for adjusting parameters based on empirical data and testing the impact
of management and technical changes. This simple framework can be expanded into a complex
methodology for the breakdown, analysis, and design of both the WEN organizational (stakeholder
analysis results) and physical networking (critical node analysis results) at a city scale.

5.3.3.

Optimization of WEN at City Scale

Optimization of the WEN system at a city scale requires cooperation within planning, data
collection, and modeling in order to support decision-makers in implementing policy and
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technology investment. The only way to successfully create an efficient water-energy nexus
system is to organize the stakeholders and decision-makers as well as illustrate the physical
infrastructure and system efficiencies. By using stakeholder analysis, organizational networking
can become open and transparent with the ability to identify and express the concerns and goals as
well as formal assignment and responsibility for all members involved. By using critical node
analysis, physical infrastructure can be mapped to identify opportunities and assess system
reliability. Mapping the data available now is limited and only allows for a glimpse into the
intricate WEN relationship. With additional resources and data sharing, modeling of material flows
as a result of technology or policy intermediation can be used to simulate future changes to the
WEN system. The combination of data platforms between water and energy sectors will increase
the efficiency of the current system as well as the modeling of a more resilient WEN system within
the city.
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Chapter 6. Conclusions
WEN studies have emerged across the globe, highlighting the importance of understanding the
relationship between water and energy resources as well as the impact on the environment.
However, there remains a gap at the city level within WEN studies due to two major limitations,
data inaccessibility and model inflexibility. Traditional model approaches for analysis fall under
top-down or bottom-up approaches. Both require vast datasets and require time for fine-tuning the
models. A middle-out approach using univariate time-series analysis demands only one data input.
Within the realm of univariate time-series forecasting, heterogeneous hybrid models composed of
linear and non-linear techniques provides a symbiotic relationship between model strengths and
weaknesses. In particular, the parallel Hybrid SARIMA – ANN model shows promise for research
expansion as the ANN model structure flexibility allows for the possibility to expand with
additional variables. The model provides a simple yet powerful forecasting tool with the ability to
expand into a more complex model and design tool. The parallel hybrid SARIMA- ANN model
forecast performed better overall in comparison to SARIMA, ANN, and series hybrid SARIMAANN model forecasts. The flexibility and performance of the parallel hybrid SARIMA-ANN
model allow for the implementation of WEN data analysis in decision- making processes within
the water-energy infrastructure. Future work looks to use this model to develop a dual framework
that integrates resource technical and organizational procedures to homogenize the resource
information flows. In order to establish a robust and resilient network design of energy and water
infrastructure, a model that works with the limited data must show expansive capabilities and
flexibility to new factors as research develops. The parallel hybrid model shows promise in
achieving this goal. The parallel hybrid SARIMA-ANN model framework would benefit additional
resilency testing with numerous datasets, varying in trends, as well as expanding the feasible model
structures of the ANN1 in step 3.

76 | P a g e

Chapter 7. Citations
[1] Kenway, S.. “The Water-Energy Nexus and urban metabolism - connections in cities.” (2013).
[2] Robert I. McDonald, Katherine Weber, Julie Padowski, Martina Flörke, Christof Schneider,
Pamela A. Green, Thomas Gleeson, Stephanie Eckman, Bernhard Lehner, Deborah Balk, Timothy
Boucher, Günther Grill, Mark Montgomery; Water on an urban planet: Urbanization and the reach
of urban water infrastructure; Global Environmental Change; Volume 27, 2014, Pages 96-105,
ISSN 0959-3780, https://doi.org/10.1016/j.gloenvcha.2014.04.022.
[3] Hellegers, Petra et al. “Interactions between water, energy, food and environment: evolving
perspectives and policy issues.” Water Policy 10 (2008): 1-10.
[4] Hussey, K., Pttock, J., The Energy-Water Nexus: Managing the links between energy and water
for sustainable future, Ecology and Society 17 (1) (2012) 31.
[5] Waughray, Dominic. Water Security: The Water-Food-Energy-Climate Nexus : the World
Economic Forum Water Initiative. Washington, D.C: Island Press, 2011. Print.
[6] Proust, K., Dovers, S. Foran, B., Newall, B., Steffan, W. & Troy, P.; “Climate, energy and
water, Accounting for the links.” The Feener. 2007. School of Environment and Society,
Australian National University, Canberra.
[7] Kenway, S.J., Lant, P.A., Priestley, A., Daniels, P. The connection between water and energy
in cities: a review. 2011. Water Science & Technology.
[8] Alfaris, A. Siddiqi, C. Rizk, O.L. de Weck, D. Svetinovic. “ Hierarchical decomposition and
multi-domain formulation for the desifn of complex sustainable systems”. ASME Journal of
Mechanical Design 132 (9) (2010) 091003-1—091003-13.
[9] H. Hoff. “Understanding the Nexus: Background”. Paper for the Bonn 2011 Nexus Conference:
The Water, Energy and Food Security Nexus, Stockholm Environment. Institute (SEI), Stockholm,
Sweden, 2011.
[10] Glassman, D., Wucker, M., Isaacman, T., Champilou, C., “The Water-Energy Nexus: Adding
water to the Energy Agenda”. World Policy Institute, 2011.

77 | P a g e

[11] Mitchell, V.G. 2006, ‘Applying Integrated Urban Management Concepts: A Review of
Australian Experience’, Environmental Management, vol. 37, no.5, pp.589-605.
[12] Goldstein, N.C., Newmark, R.L., Whitehead, C.D., Burton, E., McMahon, J.E., Ghatikar, G.
and May, D.W. (2008) ‘The Energy-Water Nexus and information exchange: challenges and
opportunities’, Int. J. Water, Vol. 4, Nos. 1/2, pp.5–24.
[13] Chatfield, Chris. Time-series Forecasting. Chapman & Hall/CRC. University of Bath. 2002.
[14] Mora, Manuel,et al. Research Methodologies, Innovations and Philosophies in Software
Systems Engineering and Information Systems. IGI Global, 2012. http://doi:10.4018/978-1-46660179-6
[15] Kennedy, C., Cuddihy, J., Engel-Yan, J., “The changing metabolism of cities”. Journal of
Industrial Ecology 11, 43-59.2007.
[16] Marx, k. 1981. Capital, vol. III. Penguin Books, London
[17] Sahely, H.R., Dudding, S., Kennedy, C.A., 2003. Estimating the urban metabolism of
Canadian cities: GTA case study. Canadian Journal for Civil Engineering 30, 468-483.g,
Melbourne.
[18] Wolman, A., The metabolism of cities. Scientific American 213, 179-190.
[19] Decker, E.H., S. Elliot, F. A. Smith, D.R. Blake, and F.S. Rowland. “Energy and material
flow through the urban ecosystem”. Annual Review of Energy and the Environment 25: 685-740
(2000).
[20] Brelsford, C., Dumas, M., Schlager, E., Dermody, B. J., Aiuvalasit, M., Allen-Dumas, M. R.,
Zipper, S. C. “Developing a sustainability science approach for water systems”. Ecology &
Society, 25 (2). (2020). https://doi.org/10.5751/ES-11515-250223
[21] Karlenzig, Warren. “The Death of Sprawl”. “The Post Carbon Reader Series: Cities, Towns,
and Suburbs. 2010.
[22] Perrone D, Murphy J, Hornberger GM. “Gaining perspective on the water-energy nexus at
the

community

scale”.

Environ

Sci

Technol.

2011

10.1021/es103230n. Epub 2011 Apr 5. PMID: 21466182.
78 | P a g e

May

15;45(10):4228-34.

doi:

[23] Christian Almer, Jérémy Laurent-Lucchetti, Manuel Oechslin. Water scarcity and rioting:
Disaggregated evidence from Sub-Saharan Africa. Journal of Environmental Economics and
Management, 2017; DOI: 10.1016/j.jeem.2017.06.002
[24] Pincetl, S. Bunje, P. M. E., 2009, Potential Targets and Benefits for Sustainable Communities
Research, Development, and Demonstration Funded by the PIER Program, prepared for California
Research Commision, UCLA Institute of the Environment.
[25] Baccini, P., Brunner, P.H., 1991. Metabolism of the Anthroposphere. Springer-Verlag, Berlin.
[26] Tambo, N., 2002. Hydrological cycle and urban metabolic system of water. Water and
Wastewater Engineering 28, 1-5 (in Chinese).
[27] Zhang, Y., Yang, Z.F., Fath, B.D., “Ecological network analysis of an urban water metabolic
system: model development, and a case study for Beijing”. Science of the Total Environment 408,
4702-4711. 2010a.
[28] Zhang, Y., Yang, Z.F., Fath, B.D., Li, S.S., “Ecological network analysis of an urban energy
metabolic system: model development, and a case study of four Chinese cities”. Ecological
Modeling 221, 865-1879. 2010b.
[29] Huang, S.L., 1998. Urban ecosystems, energetic hierarchies, and ecological economics of
Taipei metropolis. Journal of Environmental Management 52, 39-51.
[30] Yang, Z.F., Li, S.S., Zhang, Y., Huang, G.H., Emergy synthesis for three main industries in
Wuyishan City, China. Journal of Environmental Informatics 17, 25-35. 2011.
[31] Zucchetto, J., 1975. Energy, economic theory and mathematical models for combining the
systems of man and nature, case study: the urban region of Miami. Ecological Modeling 1, 241268.
[32] Cosgrove, W. J., and D. P. Loucks (2015), Water management: Current and future challenges
and research directions, Water Resour. Res., 51, 4823–4839, doi:10.1002/ 2014WR016869.
[33] Beck, M.B., Jiang, F., Shi F., Villarroel Walker, R., Osidele, O.O., Lin, Z., Demir, L. Hall,
J.W., “Re-Engineering cities as foreces good in the environment”. Proc. ICE- Eng. Sustain. 1, 3146. 2010.

79 | P a g e

[34] Sanchez, Alfonso & Rylance, Guillermo. “When the taps run dry: Water stress and social
unrest revisited”. UNISCI Discussion Papers. 47. 10.31439/UNISCI-3. (2018).
[35] Pacific Institute (2019) Water Conflict Chronology. Pacific Institute, Oakland, CA.
https://www.worldwater.org/water-conflict/. Accessed: (11/23/2020).
[36] Ho, K.H., Hightower, M.M, Pate, R.C., Einfeld, W., Cameron, C. P. & Hernandez, J. 2006,
‘Development of a Technology Roadmap for the Energy and Water Nexus’, paper presented to the
Water 2006, 1st Water Quality, Drought, Human Health & Engineering Conference, Las Vegas,
USA, October18-20, 2006.
[37] Kenway, S.J. , A.J. Priestley and J McMahon 2007, ‘Water, Wastewater, energy, and
greenhouse gases in Australia’s major urban systems’, Reuse 07 3rd AWA Water Reuse and
Recycling Conference, University of NSW.
[38] Kenway, S.J., Lant, P.A., Priestley, A., Daniels, P. ; “The connection between water and
energy in cities: a review.” Water Science & Technology. 2011.
[39] National Conference of State Legislatures (NCSL). “Overview of the Water-Energy Nexus in
the

United

States.”

2/19/14.

http://www.ncsl.org/research/environment-and-natural-

resources/overviewofthewaterenergynexusintheus.aspx . Accessed 6/16/2018
[40] Hightower, M. Energy-Water Science and Technology Research Roadmap. Alburquerque:
Sandia National Laboratory. 2006.
[41] Pate, R., M. Hightower, C. Cameron, and W. Einfeld. “Overview of energy-water
interdependencies and the emerging water demands of energy resources”. 1349C. Albuquerque,
New Mexico: Sandia National Laboratories. 2007.
[42] Haberl, H., 1997. Human appropriation of net primary production as an environmental
indicator: implications for sustainable development. Ambio 26,143-146.
[43] Haberl, H., 2001a. The energetic metabolism of societies: part I: accounting concepts. Journal
of Industrial Ecology 5, 11-33.
[44] Odum, H. T., (1983) Systems ecology: an introduction. New York: John Wiley & Sons, Inc.

80 | P a g e

[45] Gleick, P.H., Haasz, D., Henges- Jeck, C., Srinivasan, V., Wolff, G., Cushing, K.K. & Mann,
A. 2003, Waste Not, Want Not: The Potential to Urban Water Conservation in California, Pacific
Institution.
[46] California Energy Commission 2005., California’s Water-Energy Relationship.
[47] Cohen, R. Nelson, B. & Wolff, G. 2004, Energy down the drain: the hidden costs of
California’s Water supply, natural resources Defense Council and Pacific Institute California.
[48] Flower, D. J. M., V.G. Mitchell, and F.P. Codner. The Potential of water demand management
strategies to reduce greenhouse gas emissions associated with urban water systems. In 1st
conference on Sustainable Urban Management & 9th Conference on Computing and Control in
the Water Industry. Liecester, UK. 2007a.
[49] Flower, D. J. M., V.G. Mitchell, and F.P. Codner. ‘Urban Water Systems: Drivers of Climate
Change?’ paper presented to the 3rd International Rainwater Catchment Systems Conference and
5th International Water Sensitve Urban Design Conference, Sydney. 2007b.
[50] Energy Information Administration (EIA) . ‘Chapter 5’, Electric Power Annual 1998,
Volume II. DOE/EIA-0348(98)/2, Washington DC, 1999.
www.eia.dow.gov/cneaf.electricity/page.prim2.chapter5/html
[51] Tidwell, V.C., Kobos, P.H., Malczynski, L., Klise, G., Castillo, C., Decision Support for
Integrated Water-Energy Planning, Sandia National Laboratory, 2009.
[52] Grimble, R., Wellard, K., Stakeholder Methodologies in natural resource management: review
of principles, contexts, experiences, and opportunities, Agricultural Systems 55 (2) (1997) 173193.
[53] Retamel, M. Abesuriya, K. Turner, A. & White, S. “The Water Energy Nexus: Literature
Review”. [Prepared for CSIRO]. Institute for Sustainable Futures, University of Technology,
Sydney. 2009.
[54] Sterman, J. 1991. A skeptics guide to computer models. Massachussets Institute of
Technology. Orginial Edition, In Barney, G. O. Et al. (eds.), Managing a Nation: The
Microcomputer Software Catalog. Boulder, Co: Westview Press, 209-229.

81 | P a g e

[55] Satterthwaite, C. (2008). Cities' contributions to global warming: notes on the alocation of
greenhouse gas emissions. Environment and Urbanization 20(2): 539-549.
[56] French, S. and J. Geldermann. “The vaired contexts of environmental decision problems and
their implications for decision support”. Environmental Science & Policy 8: 14. (2005).
[57] Jiangyu Dai, Shiqiang Wu, Guoyi Han, Josh Weinberg, Xinghua Xie, Xiufeng Wu, Xingqiang
Song, Benyou Jia, Wanyun Xue, Qianqian Yang; Water-energy nexus: A review of methods and
tools for macro-assessment, Applied Energy, Volume 210, 2018, Pages 393-408, ISSN 0306-2619,
https://doi.org/10.1016/j.apenergy.2017.08.243.
[58] Bach H, Bird J, Clausen TJ, Jensen KM, Lange RB, Taylor R, et al. “Transboundary river
basin management: addressing water, energy and food security”. Mekong River Commission, Lao
PDR; 2012.
[59] M. Keskinen, P. Someth, A. Salmivaara, M. Kummu. “Water-Energy-Food Nexus in a
transboundary river basin: the case of Tonle Sap Lake, Mekong River Basin”. Water, 7 , pp. 54165436. (2015).
[60] A. Smajgl, J. Ward. “The water-food-energy nexus in the Mekong region: Assessing
development strategies considering cross-sectoral and transboundary impacts”. Springer, New
York (2013).
[61] A. Kibaroglu, S.I. Gürsoy. “Water–energy–food nexus in a transboundary context: the
Euphrates-Tigris river basin as a case study”. Water Int, 40 (5) (2015), pp. 824-838
[62] S.-M. Jalilov, O. Varis, M. Keskinen. “Sharing benefits in transboundary rivers: an
experimental case study of central Asian water-energy-agriculture nexus”. Water, 7 (2015), pp.
4778-4805
[63] Boute, Anatole. The water-energy-climate nexus under international law: A central Asian
perspective. Michigan Journal of Environmental & Administrative Law. Volume 5 Issue 2. 2016
[64] Joshua P. Meltzer. “The Trans-Pacific Partnership Agreement, the environment and climate
change” Trade Liberalisation and International Co-operation: A Legal Analysis of the TransPacific Partnership Agreement, Edward Elgar, 2014.

82 | P a g e

[65] M. Howells, H.-H. Rogner. “Water-energy nexus: Assessing integrated systems”. Nat Clim
Change, 4 (2014), pp. 246-247
[66] M. Howells, S. Hermann, M. Welsch, M. Bazilian, R. Segerström, T. Alfstad,. “Integrated
analysis of climate change, land-use, energy and water strategies” Nat Clim Change, 3 (2013), pp.
621-626
[67] R. Malik. “Water-energy nexus in resource-poor economies: the Indian experience”.
Int J Water Resour Dev, 18 , pp. 47-58. (2002)
[68] C.A. Scott. “The water-energy-climate nexus: resources and policy outlook for aquifers in
Mexico”. Water Resour Res, 47 (6) , pp. 1091-1096. (2011)
[69] L. Hardy, A. Garrido, L. Juana. “Evaluation of Spain's water-energy nexus”. Int J Water
Resour Dev, 28 , pp. 151-170. (2012)
[70] Hermann S, Rogner HH, Howells M, Young C, Fischer G, Welsch M. In the CLEW model–
Developing an integrated tool for modeling the interrelated effects of climate, land use, energy,
and water (CLEW). In: 6th Dubrovnik conference on sustainable development of energy, water
and environment systems; 2011.
[71] Mielke E, Anadon LD, Narayanamurti V. Water consumption of energy resource extraction,
processing, and conversion. Energy Technology Innovation Policy; 2010.
[72] A. Siddiqi, A. Kajenthira, L.D. Anadón. “Bridging decision networks for integrated water
and energy planning” Energy Strategy Reviews, 2 (2013), pp. 46-58
[73] S. Villamayor-Tomas, P. Grundmann, G. Epstein, T. Evans, C. Kimmich. “The water-energyfood security nexus through the lenses of the value chain and the institutional analysis and
development frameworks” Water Altern, 8, pp. 735-755. 2015.
[74] Andrea Prudenzi, Andrea Venturini, Francisco Begnis, Giulia Molino (CESI), Mirko
Armiento (Enel Foundation); “Integration of variable renewable energy sources in the national
electric system of Zambia”. RES4Africa Foundation and Enel Foundation. Rome, October 2020.
https://www.enelfoundation.org/

83 | P a g e

[75] Alessandro Marangoni, Emanuele Vendramin, Gian Paolo Repetto, Alessandra Zacconi,
Carlo Papa, Claudio Prepagnoli, Mirko Armiento. “Energy for water sustainability”. Althesys
Stratgic Consultants. Enel Foundation. October 2020. https://www.enelfoundation.org/
[76] Khulood A. Rambo, David M. Warsinger, Santosh J. Shanbhogue, John H. Lienhard V,
Ahmed F. Ghoniem, “Water-Energy Nexus in Saudi Arabia”. Energy Procedia, Volume 105, 2017,
Pages 3837-3843, ISSN 1876-6102, https://doi.org/10.1016/j.egypro.2017.03.782.
[77] Kennedy, C., Pincetl, S., Bunje, P. ; 2011. The study of urban metabolism and its applications
to urban planning and design. Environmental Pollution, 159; 1965-1975
[78] D. Lofman, M. Petersen, A. BowerWater, energy and environment nexus: the California
experience . Int J Water Resour Dev, 18 (2002), pp. 73-85
[79] Purkey. Integrated water-energy-emissions analysis: Applying LEAP and WEAP together in
California. SEI Policy Brief; 2012.
[80] D.N. Yates, K.A. Miller. “Integrated decision support for energy/water planning in California
and the Southwest”. Int J Clim Change: Impacts Responses, 4 (2013), pp. 49-64
[81] Marsh, D. 2008 the Water-energy Nexus: a Comprehensive Analysis in the Context of New
South Wales. Faculty of Engineering and Information Technology, Sydney, University of
Technology, Doctor of Philosophy (Engineering), pp. 370.
[82] Giradet, H., UCL Grand Challenge of Sustainable Cities (GCSC). World Future Council on
Urban Metabolism. Nov 29, 2013. https://www.youtube.com/watch?v=GbS-GMLdLWE
[83] Newman, P., Birrel, B., Holmes, D., Mathers, C., Newton, P., Oakley, G., O’Connor, A.,
Walker, B., Spessa, A., Tait, D., 1996. Human settlements. In: State of the Environment Advisory
Council (Ed.), Australia: State of the Environment 1996.
[84] Restrepo, Juan D. Céspedes, and Tito Morales-Pinzón. "Urban metabolism and sustainability:
Precedents, genesis and research perspectives." Resources, Conservation and Recycling 131
(2018): 216-224.
[85] Anderberg, S., 1998. Industrial metabolism and linkages between economics, ethics, and the
environment. Ecological Economics 24, 311-320.
84 | P a g e

[86] Ayres, R.U., Kneese, A.V., 1969. Production, consumption, and externalities. The American
Economic Review 59, 282-297.
[87] Ayres, R.U., 1994. Industrial metabolism: theory and policy. In: Ayres, R.U., Simonis, U.K.
(Eds.), Industrial Metabolism: Restructuring for Sustainable Development. United Nations
University Press, Tokyo, pp. 3-20.
[88] Liu, J.R.,Wang, R.S., Yang, J.X., Metabolism and driving forces of Chinese urban household
consumption. Population and Environment 26, 325-341. 2004.
[89] Yang, D.W., Gao, L.J., Xiao, L.S., Wang, R., 2012. Cross-boundary environmental effects of
urban household metabolism based on an urban spatial conceptual framework: a comparative case
of Xiamen. Journal of Cleaner Production 27, 1-10.
[90] Suwartha, N. and R. Sari. “Evaluating UI GreenMetric as a tool to support green universities
development: assessment of the year 2011 ranking.” Journal of Cleaner Production 61 (2013): 4653.
[91] Shuqin Chen, Nianping Li, Jun Guan, Yanqun Xie, Fengmei Sun, Ji Ni; A statistical method
to investigate national energy consumption in the residential building sector of China; Energy and
Buildings 40 (2008) 654- 665.
[92] Delgoshaei, Payam, et al. "Impacts of building operational schedules and occupants on the
lighting energy consumption patterns of an office space." Building Simulation. Vol. 10. No. 4.
Tsinghua University Press, 2017.
[93] Tang, Yachen et al. “Establishment of Enhanced Load Modeling by Correlating With
Occupancy Information.” IEEE Transactions on Smart Grid 11 (2020): 1702-1713.
[94] Kalechofsky, Hal. “The Framework for Building Predictive Models”. Soloman Edwards
Consulting.

September

2016.

https://www.msquared.com/wp-content/uploads/2017/01/A-

Simple-Framework-for-Building-Predictive-Models.pdf
[95] ISO 14040. “Environmental management - Life Cycle Assessment - Principles and
Framework”. Int. Organ. Stand. 1997 (2006)

85 | P a g e

[96] Serrao-Neumann, S., et al. "Connecting land-use and water planning: Prospects for an urban
water metabolism approach." Cities 60 (2017): 13-27.
[97] Adriana Del Borghi, Luca Moreschi, Michela Gallo. “Circular economy approach to reduce
water–energy–food nexus”. Current Opinion in Environmental Science & Health, Volume 13,
2020, Pages 23-28, ISSN 2468-5844, https://doi.org/10.1016/j.coesh.2019.10.002.
[98] Anne P. Carter, Peter A. Petri. “Leontief's contribution to economics”, Journal of Policy
Modeling, Volume 11, Issue 1, 1989, Pages 7-30, ISSN 0161-8938, https://doi.org/10.1016/01618938(89)90022-7.
[99] Z. Liu, Y. Geng, S. Lindner, H. Zhao, T. Fujita, D. Guan. “Embodied energy use in China’s
industrial sectors”. Energy Policy, 49 (2012). pp. 751-758.
[100] L. Shao, Z. Wu, L. Zeng, Z.M. Chen, Y. Zhou, G.Q. Chen. “Embodied energy assessment
for ecological wastewater treatment by a constructed wetland”. Ecol Model, 252 (2013), pp. 6371.
[101] K. Feng, K. Hubacek, S. Pfister, Y. Yu, L. Sun. “Virtual scarce water in China”. Environ
Sci Technol, 48 (2014), pp. 7704-7713
[102] K. Hubacek, D. Guan, J. Barrett, T. Wiedmann. “Environmental implications of urbanization
and lifestyle change in China: Ecological and Water Footprints”. J Clean Prod, 17 (2009), pp.
1241-1248
[103] B. Su, B.W. Ang, M. Low. “Input–output analysis of CO2 emissions embodied in trade and
the driving forces: processing and normal exports”. Ecolological Economics, 88 (2013), pp. 119125
[104] Y. Wang, H. Zhao, L. Li, Z. Liu, S. Liang. “Carbon dioxide emission drivers for a typical
metropolis using input–output structural decomposition analysis”. Energy Policy, 58 (2013), pp.
312-318
[105] R. Duarte, J. Sanchez-Choliz, J. Bielsa. “Water use in the Spanish economy: an input–output
approach”. Ecol Econ, 43 (2002), pp. 71-85.

86 | P a g e

[106] J. Sánchez-Chóliz, R. Duarte. “Analysing pollution by way of vertically integrated
coefficients, with an application to the water sector in Aragon”. Camb J Econ, 27 (2003), pp. 433448
[107] Delin Fang, Bin Chen. “Linkage analysis for the water–energy nexus of city”. Applied
Energy, Volume 189, 2017, pp. 770-779, ISSN 0306-2619.
https://doi.org/10.1016/j.apenergy.2016.04.020.
[108] Girardet, H., 1990. The metabolism of cities. In: Cadman, D., Payne, G. (Eds.), The Living
City: Towards a Sustainable Future. Routledge, London, pp. 170-180.
[109] Duan, N., 2004. Urban material metabolism and its control. Research of Environmental
Sciences 17, 75-77 (in Chinese).
[110] Baker RE, Peña JM, Jayamohan J, Jérusalem A. Mechanistic models versus machine
learning, a fight worth fighting for the biological community? Biol Lett. 2018
May;14(5):20170660. doi: 10.1098/rsbl.2017.0660. PMID: 29769297; PMCID: PMC6012710.
[111] Zhang, Yan. Urban Metabolism: A review of research methodologies. Environmental
Pollution 178, 463-473. 2013.
[112] Huang, S.L., Chen, C.W., 2009. Urbanization and socioeconomic metabolism in Taipei: an
emergy synthesis. Journal of Industrial Ecology 13, 75-93.
[113] Huang, S.L., Lee, C.L., Chen, C.W., 2006b. Socioeconomic metabolism in Taiwan: emergy
synthesis versus material flow analysis. Resources, Conservation and Recycling 48, 166-196.
[114] Idrus, S., Hadi, A.S., Shah, A.H.H., Mohamed, A.F., 2008. Spatial urban metabolism for
livable city. In: The 3rd International Conference on Sustainability Engineering and Science:
Blueprints for Sustainable Infrastructure Conference. ICSER (International Centre for
Sustainability Engineering and Research) and the Centre for Sustainable Development,
Department of Engineering, University of Cambridge, 9-12 December, Auckland, NZ.
[115] Krausmann, F., Haberl, H., Schulz, N.B., Erb, K.H., Darge, E., Gaube, V., 2003. Land-use
change and socio-economic metabolism in Austria, part I: driving forces of land-use change
1950e1995. Land Use Policy 20, 1-20.

87 | P a g e

[116] Liu, Y., 2010b. Analyzing the relationship between urban form and urban material
metabolism efficiency. Urban Studies 17, 27-31 (in Chinese).
[117] Marull, J., Pino, J., Tello, E., Cordobilla, M.J., 2010. Social metabolism, landscape change
and land-use planning in the Barcelona Metropolitan Region. Land Use Policy 27, 497-510.
[118] Boyden, S., Millar, S., Newcombe, K., O’Neill-Canberra, B., 1981. The Ecology of a City
and its People: the Case of Hong Kong. Australian National University Press, Canberra.
[119] Newman, P.G., Kenworthy, J., 1999. Sustainability and Cities: Overcoming Automobile
Dependence. Island Press, Washington, D.C.
[120] Schiller, F., 2009. Linking material and energy flow analyses and social theory. Ecological
Economics 68, 1676-1686.
[121] Goksel Canbek, N., & Mutlu, M. E. (2016). On the track of Artificial Intelligence: Learning
with Intelligent Personal Assistants. Journal of Human Sciences, 13(1), 592-601. Retrieved from
https://www.j-humansciences.com/ojs/index.php/IJHS/article/view/3549
[122] Makridakis S, Spiliotis E, Assimakopoulos V (2018) Statistical and Machine Learning
forecasting

methods:

Concerns

and

ways

forward.

PLoS

ONE

13(3):

e0194889.

https://doi.org/10.1371/journal.pone.0194889
[123] Ioannis Antonopoulos, Valentin Robu, Benoit Couraud, Desen Kirli, Sonam Norbu,
Aristides Kiprakis, David Flynn, Sergio Elizondo-Gonzalez, Steve Wattam. “Artificial intelligence
and machine learning approaches to energy demand-side response: A systematic review”.
Renewable and Sustainable Energy Reviews, Volume 130, 2020, 109899, ISSN 1364- 0321,
https://doi.org/10.1016/j.rser.2020.109899.
[124] Zhang G, Eddy Patuwo B, Hu Y M. Forecasting with artificial neural networks:: The state
of the art. International Journal of Forecasting. 1998;14(1):35–62.
[125] Hamzaçebi C, Akay D, Kutay F. Comparison of direct and iterative artificial neural network
forecast approaches in multi-periodic time-series forecasting. Expert Systems with Applications.
2009;36(2, Part 2):3839–3844. https://doi.org/10.1016/j.eswa.2008.02.042.

88 | P a g e

[126] Deng L. A tutorial survey of architectures, algorithms, and applications for deep learning—
ERRATUM. APSIPA Transactions on Signal and Information Processing. 2014;3.
[127] Zhang L, Suganthan PN. A survey of randomized algorithms for training neural networks.
Information

Sciences.

2016;364–365(Supplement

C):146–155.

https://doi.org/10.1016/j.ins.2016.01.039.
[128] Salaken SM, Khosravi A, Nguyen T, Nahavandi S. Extreme learning machine based transfer
learning

algorithms:

A

survey.

Neurocomputing.

2017;267:516–524.

https://doi.org/10.1016/j.neucom.2017.06.037.
[129] Robinson C, Dilkina B, Hubbs J, Zhang W, Guhathakurta S, Brown MA, et al. Machine
learning approaches for estimating commercial building energy consumption. Applied Energy.
2017;208(Supplement C):889–904. https://doi.org/10.1016/j.apenergy.2017.09.060.
[130] Voyant C, Notton G, Kalogirou S, Nivet ML, Paoli C, Motte F, et al. Machine learning
methods for solar radiation forecasting: A review. Renewable Energy. 2017;105(Supplement
C):569–582. https://doi.org/10.1016/j.renene.2016.12.095.
[131] M.J. Reid. “Combining three estimates of gross domestic product”.Economica, 35 (1968),
pp. 31-444
[132] Bates JM, Granger CWJ (1969) The combination of forecasts. Operations Research 20:451–
468
[133] Clemen R (1989) Combining forecasts: a review and annotated bibliography with discussion.
International Journal of Forecasting 5:559–608
[135] E. Pelikan, C. de Groot, D. Wurtz. “Power consumption in West-Bohemia: Improved
forecasts with decorrelating connectionist networks”. Neural Network World, 2 (1992), pp. 701712
[136] I. Ginzburg, D. Horn. “Combined neural networks for time-series analysis”. Advance Neural
Information Processing Systems, 6 (1994), pp. 224-231
[137] McLaren, V. W. Urban Sustainability Reporting. Journal of the American Planning
Assoiction. 62 (2):184-202
89 | P a g e

[138] Broto, Vanesa Castán, Adriana Allen, and Elizabeth Rapoport. "Interdisciplinary
perspectives on urban metabolism." Journal of Industrial Ecology 16.6 (2012): 851-861.
[139] Hug, F., Bader, HP., Scheidegger, R. et al. A dynamic model to illustrate the development
of an interregional energy household to a sustainable status. Clean Techn Environ Policy 6, 138–
148 (2004). https://doi.org/10.1007/s10098-003-0230-y
[140] Cencic, Oliver & Rechberger, Helmut. (2008). Material flow analysis with Software STAN.
Journal of Environmental Engineering and Management. 18. 3-7.
[141] Brunner, P.H. and H. Rechberger, Practical Handbook of Material Flow Analysis.
Lewis Publishers, Boca Raton, FL (2004).
[142] Oswald, F. Baccini, P., & Michaeili, M. (2003). Netzstadt: designing the urban: Birkhauser.
[143] Almeshaiei & Soltan, 2011; “A methodology for electric power load forecasting”;
Alexandria Engineering Journal
[144] Hsiang-Jui Kung, LeeAnn Kung, Adrian Gardiner. “Comparing Top-down with Bottom-up
Approaches: Teaching Data Modeling” Information Systems Education Journal. ISSN 1545679X. Feb. 2013. https://files.eric.ed.gov/fulltext/EJ1145017.pdf
[145] Valentino Crespi, Aram Galstyan, Kristina Lerman. “Comparative Analysis of Top-Down
and Bottom-up Methodologies for Multi-Agent System Design. AAMAS’05, July 25-29, 2005,
Utrecht, Netherlands
[146] Clarke JA. Energy Simulation in Building Design. 2nd edition Oxford: BurtterworthHeinemann; 2001.
[147] ISO 13790:2008. Energy Performance of buildings? Calculation of energy use for space
heating and cooling. Geneva, Switzerland: ISO; 2008.
[148] McQuinston FC, Parker JD, Spitler JD. Heating, Ventilating and Air Conditioning Analysis
and Design, 6th edition Wiley, 2005.
[149] Dziegielewski, Benedykt. Commercial and Institutional End Uses of Water. Denver, CO:
AWWA Research Foundation and American Water Works Association, 2000.

90 | P a g e

[150] National Association of Home Builders (NAHB). Methodology for Calculating Energy Use
in Residential Buildings. Version 1.1. NAHB Research Center. 2012.
[151] Hong, T. and Shahidehpour, M. (2015) Load Forecasting Case Study. EISPC, U.S.
Department of Energy.
[152] Neto, Guilherme Guilhermino; Defilippo, Samuel Belini; Hippert, Henrique S.; “Univariate
versus Multivariate Models for Short-term”; SIO 2015, 13 Simposio Argentino de Investigación
Operativa.
[153] Dickey, D. A.; Fuller, W. A. (1979). "Distribution of the Estimators for Autoregressive
Time-series with a Unit Root". Journal of the American Statistical Association. 74 (366): 427–
431. doi:10.1080/01621459.1979.10482531
[154] Phillips, P. C. B.; Perron, P. (1988). "Testing for a Unit Root in Time-series Regression"
(PDF). Biometrika. 75 (2): 335–346. doi:10.1093/biomet/75.2.335
[155] G.E.P. Box, G.M. Jenkins, Time-series Analysis: Forecasting and Control, Holden-Day, San
Francisco, CA, 1976.
[156] Makridakis SG, Wheelwright SC, Hyndman RJ. Forecasting: Methods and applications
(Third Edition). New York: Wiley; 1998.
[157] Cox DR, Stuart A. Some Quick Sign Tests for Trend in Location and Dispersion. Biometrika.
1955;42(1–2):80–95.
[158] Carlos F.M. Coimbra, Jan Kleissl, Ricardo Marquez, “Chapter 8 - Overview of SolarForecasting Methods and a Metric for Accuracy Evaluation”, Editor(s): Jan Kleissl, Solar Energy
Forecasting and Resource Assessment, Academic Press, 2013, Pages 171-194, ISBN
9780123971777, https://doi.org/10.1016/B978-0-12-397177-7.00008-5.
[159] Flom PL, Cassell DL. Stopping stepwise: why stepwise and similar selection methods are
bad, and what you should use. In: NESUG 2007 proceedings. 2007.
[160] A. Pankratz, Forecasting with Univariate Box-Jenkins Models: Concepts and Cases, Wiley,
New York, NY, 1983.

91 | P a g e

[161] Hyndman, R.J., & Athanasopoulos, G. (2018) Forecasting: principles and practice, 2nd
edition, OTexts: Melbourne, Australia. OTexts.com/fpp2. Accessed on 11/23/2020.
[162] Nau, Robert. “Statistical forecasting: notes on regression and time-series analysis”. Duke
University. August 2020. https://people.duke.edu/~rnau/411home.htm
[163] Dudek, Grzegorz. "Generalized regression neural network for forecasting time-series with
multiple seasonal cycles." Intelligent Systems' 2014. Springer, Cham, 2015. 839-846.
[164] Delurgio SA. Forecasting principles and applications. Irwin/McGraw-Hill, New York. 1999
[165] de los Mozos, Mario Reyes, David Puiggrós, and Albert Calderón. "Artificial neural
network-based diagnostic system methodology." International Work-Conference on Artificial
Neural Networks. Springer, Berlin, Heidelberg, 1999.
[166] Vogiatzi, Paraskevi, Abraham Pouliakis, and Charalampos Siristatidis. "An artificial neural
network for the prediction of assisted reproduction outcome." Journal of Assisted Reproduction
and Genetics 36.7 (2019): 1441-1448.
[167] Panchal, Dakshata, and Seema Shah. "Artificial intelligence based expert system for
hepatitis B diagnosis." International journal of modeling and optimization 1.4 (2011): 362.
[168] Brezak, Danko, et al. "A comparison of feed-forward and recurrent neural networks in timeseries forecasting." 2012 IEEE Conference on Computational Intelligence for Financial
Engineering & Economics (CIFEr). IEEE, 2012.
[169] Sumathi, Sai, and S. N. Sivanandam. Introduction to data mining and its applications. Vol.
29. Springer, 2006.
[170] Rao, Delip, Paul McNamee, and Mark Dredze. "Entity linking: Finding extracted entities in
a knowledge base." Multi-source, multilingual information extraction and summarization.
Springer, Berlin, Heidelberg, 2013. 93-115.
[171] Brownlee, Jason. Better Deep Learning: Train Faster, Reduce Overfitting, and Make Better
Predictions. Machine Learning Mastery, 2018.
[172] Martinsen, Andreas B., Anastasios M. Lekkas, and Sebastien Gros. "Combining system
identification with reinforcement learning-based MPC." arXiv preprint arXiv:2004.03265 (2020).
92 | P a g e

[173] Liu, Tse-Huai. Development of Enhanced Emission Factor Through the Identification of an
Optimal Combination of Input Variables Using Artificial Neural Network. Diss. West Virginia
University, 2018.
[174] Kathirvalavakumar, T. & Subavathi, S.J., 2012, “Modified backpropagation algorithm with
adaptive learning rate based on differential errors and differential functional constraints,”
International Conference on Pattern Recognition, Informatics, and Medical Engineering (PRIME2012), doi: 10.1109/icprime.2012.6208288
[175] Yann LeCun (2018) The Power and Limits of Deep Learning, Research-Technology
Management, 61:6, 22-27, DOI: 10.1080/08956308.2018.1516928
[176] Mayrink, Victor & Hippert, Henrique. (2016). A hybrid method using Exponential
Smoothing and Gradient Boosting for electrical short-term load forecasting. 1-6. 10.1109/LACCI.2016.7885697.
[177] Yang, T., and L. Tseng. "Solving a multi-objective simulation model using a hybrid response
surface method and lexicographical goal programming approach—a case study on integrated
circuit ink-marking machines." Journal of the Operational Research Society 53.2 (2002): 211-221.
[178] Khashei, Mehdi, Seyed Reza Hejazi, and Mehdi Bijari. "A new hybrid artificial neural
networks and fuzzy regression model for time-series forecasting." Fuzzy sets and systems 159.7
(2008): 769-786.
[179] Wang, Xiping, and Ming Meng. "A Hybrid Neural Network and ARIMA Model for Energy
Consumption Forcasting." JCP 7.5 (2012): 1184-1190.
[180] Moeeni, Hamid, and Hossein Bonakdari. "Forecasting monthly inflow with extreme seasonal
variation using the hybrid SARIMA-ANN model." Stochastic environmental research and risk
assessment 31.8 (2017): 1997-2010.
[181] Grimble, R., Quan, J. (1993) Tree Resources and the Environment: Stakeholders and Tradeoffs: phase I an analytical review. NRI, Chatam
[182] ODA (July 1995) Social development department guidance note on how to do stake-holder
analusis of aid projects and programmes.
93 | P a g e

[183] von Winterfeldt, Detlof. "Bridging the gap between science and decision making."
Proceedings of the National Academy of Sciences 110.Supplement 3 (2013): 14055-14061.
[184] Leifer, R., Delbecq, A., Organizational/environmental interchange: a model of boundary
spanning activity, The Academy of Management Review 3 (1) (1978) 40-50
[185] Cash, D.W., In order to aid in diffusing useful and practical information: agriculatural
extension and boundary organizations, Science, Technology and Human Values 24 (4) (2001) 431453.
[186] Cash, D.W., Clark, W.C., Alcock, F., Dickson, N.M., Eckley, N.Guston, D.H., Jager, J.,
Mitchell, R.B., Knowledbe systems for sustainable development, Proceddings of the National
Academiy of Science 100 (14) (2003) 8061-8091
[187] Erban, Laura & Walker, Henry. (2019). Beyond Old Pipes and Ailing Budgets: Systems
Thinking on Twenty-First Century Water Infrastructure in Chicago. Frontiers in Built
Environment. 5. 124. 10.3389/fbuil.2019.00124.
[188] D. Hunter, H. Yu, M. S. Pukish III, J. Kolbusz, and B. M. Wilamowski, “Selection of proper
neural network sizes and architectures: a comparative study,” IEEE Transactions on Industrial
Informatics, vol. 8, no. 2, pp. 228–240, 2012.
[189] Water for sustainable urban human settlements. Briefing note. WWAP, UN-HABITAT.
2010. https://www.un.org/waterforlifedecade/water_cities.shtml
[190] John E. Fernández & David Quinn. Urban Metabolism: Ecologically sensitive construction
for a sustainable New Orleans. Thesis. MIT. Apr 1, 2007.

94 | P a g e

Additional Reading:
H.K. Alfares, M. Nazeeruddin, Electric load forecasting: literature survey and classification of
methods, International Journal of Systems Science 33 (2002) 23-34
Barles, S., 2009. Urban Metabolism of Paris and its region. J. Ind. Ecol. 6, 898-913.
Brunner, P.H., 2007. Reshaping urban metabolism. Journal of Industrial Ecology 11, 11-13.
Bryson, J. (1995) Strategic Planning for Public and Nonprofit Organizations: A Guide to
Strengthening and Sustaining Organizational Achievement (rev. edn), San Francisco, CA: JosseyBass.

http://www.stakeholdermap.com/stakeholder-analysis/stakeholder-analysis-basic-

method.html
Copsey, Keith. (2019). Bayesian approaches for robust automatic target recognition.
Energy Efficient Strategies 2008, Energy Use in Australian Residential Sector 1986-2020. ,
Department of the environment, Heritage and the Arts, Commonwealth of Australia.
Farrington, J., Martin, A. (1998) Participatory methods: a review of concpets and practices. ODI
Working Paper 9. ODI, London.
Fischer-Kowalski, M. (1998). Society’s Metabolism: The Intellectual History of Materials Flow
Analysis, Part 1, 1860-1970. Journal of Industrial Ecology 2 (1): 61-78.
Havránek, M., 2009. ConAccount 2008: Urban Metabolism, Measuring the Ecological City.
Charles University Environment Center, Prague
IIED (International Institue for Environment Development). 1988-1994. RRA notes 1-20.
Sustainable agriculture programme. IIED, London.
Khan Kaen University (1987) Rapid rural appraisal. Proceedings of an International Conference,
Khan Kaen, Thailand, 1985.
Krausmann, F., Haberl, H., Schulz, N.B., Erb, K.H., Darge, E., Gaube, V., 2003. Land-use change
and socio-economic metabolism in Austria, part I: driving forces of land-use change 1950e1995.
Land Use Policy 20, 1-20.

95 | P a g e

Marsh, D.M. & Sharma, D. 2007, ‘Energy-water nexus: an integrated modeling approach’,
International Energy Journal, vol. 8, pp. 235-242.
Mitchell, R.K., Agle, B.R., Wood, D.J., Toward a theory of stakeholder identification and salience:
defining the principle of who and what really counts, Academy of Management Review 22 (4)
(1997) 853-886
D.J. Pedregal, J.R. Trapero, Mid-term hourly electricity forecasting based on a multi-rate
approach, Energy Conversion and Management 51 (2010) 105-11
Proust, K., Dovers, S. Foran, B., Newall, B., Steffan, W. & Troy, P. 2007 Climate, energy and
water, Accounting for the links. Discussion Paper, The Feener School of Environment and Society,
Australian National University, Canberra.
Rickwood, P. Giurco, D., Glaszebrook, G. Kazaglis, A., Thomas, L., Zeibots, M. Boydell, S.,
White, S., Caprarelli, G. & McDougal, J. 2007. ‘Integrating urban models of population, lan-use
planning, transportation and environmental impacts for improved decision making’, State of
Australian Cities Conference (SOAC 2007), November 28-30, Adelaide.
Santhosh, A.; Masdar A. M. Farid; A. Adegbege; K. Youcef-Toumi. Inst. of Sci. & Technol., Abu
Dhabi, United Arab Emirates; Advances in Power System Control, Operation and Management
(APSCOM 2012), 9th IET International Conference ; 2012
Sheehan, M. 2007, 2007 State of the World: Our Urban Future. Washington, D.C.: Worldwatch
Institute.
WETT undated, A Water Conservation Scenario for the Residential and Industrial Sectors in
California: Potential Savings of Water and Related Energy, Water Energy Technology Team –
Lawrence Berkeley National Laboratory, http://water-energy.lbl.gov/node/80
White, S. & Fane, S.A. 2002, ‘Designing Cost Effective water demand management programs in
Australia’, Water Science and Technology, Vol. 7, no. 46, pp. 225-232.
Webb,

Andrew.

(2002).

Statistical

Pattern

10.1002/9781119952954.

96 | P a g e

Recognition:

Third

Edition.

Ltd.

Zhang, J.Y., Zhang, Y., Yang, Z.F., 2011a. Ecological network analysis of an urban energy
metabolic system. Stochastic Environmental Research and Risk Assessment 25, 685-695.
Gove, Robert; Faytong, Jorge; “Machine Learning and Event-Based Software Testing: Classifiers
for Identifying Infeasible GUI Event Sequences. ”Advances in Computers, 2012.
Gholami, Raoff; Fakhari, Nikoo. Handbook of Neural Computation, 2017.

97 | P a g e

